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Abstract 
 
This study is oriented to the risk management in the German power market and 
specifically focused on examining the conventional thermal power generation. The 
recent energy market reforms which were taken place in Germany by subsidizing 
and prioritizing the electricity produced from RES eroded a significant portion of 
coal – fired and NG – fired power plants. The rise of RES has undermined the 
competitiveness of traditional power generation. This fact broke to the forefront the 
necessity for mitigating the risk exposure in order to confront the sluggish demand 
and handle this acute for the power plant owners situation.  
     The main principle is to assess and choose the optimum forward contract for 
hedging at the same time the power output and the fuel purchase. This is conducted 
by evaluating the hedging effectiveness of the available futures contracts retrieved 
from EEX. The calculation of hedging performance is based on the results of a 
multivariate GARCH model (BEKK model). Moreover, in the framework of portfolio 
optimization we construct the efficient frontier, so as to identify the point at which 
the combination of spot and forward prices gives the maximum reduction of risk 
exposure. Finally, we proceed with a VaR estimation for both spot and futures prices 
in order to compare them through risk quantification. Moving up to the next section 
of the study, we simulate the CSS and CDS in order to forecast the price trajectories 
for the following month.  
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Chapter 1 
Introduction 
 
 
1.1 Introduction 
 
The main target of this study is at first step to assess and examine the price 
trajectories of the major fossil fuels, which are used for electricity production. 
Therefore, we present data sets, which are comprised by electricity, NG, coal and 
emissions allowances prices. So, this thesis focus on covering the price evolution of 
the principal conservative fossil fuels used as a feedstock to gas and coal fired power 
plants. Then, after we have already collected the necessary data for executing our 
analysis we proceed with evaluating the hedging performance of the futures 
contract for each commodity separately. In EEX trading platform beside spot market 
are traded month, quarter and year contracts for electricity, NG, coal and CO2 
emissions allowances. The European Energy Exchange (EEX) was established at the 
end of 2001 following the merger of the LPX (Leipzig Power Exchange) and the 
former European Energy Exchange located in Frankfurt. Searching for the optimum 
hedging model in the literature we found out that Diagonal BEKK model is the ideal 
one to hedge energy commodities.  We adopt this model in this study and then we 
calculate the hedging effectiveness of the contracts, which is regarded to function as 
measure of comparison between them. At this stage we are capable of distinguishing 
the best hedging contract (depending on time to mature) for every commodity. By 
utilizing the Value at Risk method we can see the economic and financial gains from 
taking the decision to protect the power plant’s output, or the inputs by buying them 
in advance and based on a specific hedging strategy. According to our results it’s 
more prudent to develop meticulously a hedging strategy, which is less risky, that 
being exposed completely to the spot market. Indeed, the economic recession that 
Eurozone undergoes nowadays had a negative impact in energy markets by 
dropping down the electricity demand and therefore the prices. The situation that 
exacerbated significantly the profitability of gas – fired power plants was the 
gradual increase of wind and solar (Renewable Energy Sources) penetration into the 
German electricity grid. This obviously, adversely affected the clean spark spreads, 
as after 2011 they follow a negative price pattern since renewable energy sources 
covered the demand and there is no need for the gas – fired power plants to operate. 
These types of power plants are designed to be dispatched during peak load zone 
due to their incorporated flexibility feature since they are capable of adapting easily 
to the demand by ramping up or down the output load. For this reason, electricity 
utilities which, invested and have in their “fleet” such kind of power plants strungle 
to generate profits from them as depicted in  figure 29 for the clean spark spread. 
We observe that the implementation of our suggested hedging strategy led to a 
significant elimination and mitigation of risk created by the volatility in the spot 
market.  
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On the other hand, coal fired power plants appear to be the most profitable as a 
result of two different parameters. The shale gas (a special NG horizontal extraction 
technique which was firstly inaugurated in US and after that is widely used) 
contributed to pushing down NG prices because the new extraction method 
increased the supply into the market. Consequently imported coal prices fell 
dramatically, increasing the revenues of the coal – fired power plants. Furthermore, 
their profitability was soared by the decreasing emissions allowances prices, the 
European Emissions trading system proposed by the EU commission authorities, 
responsible for the Energy Policy. This economic condition for the coal – fired power 
plants is also depicted in our results. Moreover, a special stylized characteristic of 
the energy markets is that prices are subjected to strong mean reversion effect. In 
fact, taking advantage of this stylized component we attempt to forecast the price 
paths of clean spark and dark spread for a short period of time by implementing the 
Ornstein – Uhlenbeck model. We verified that the output of this model approached 
well the reality, as expected according to the reviewed literature, which suggested it 
as one of the most suitable models for the commodities modeling.  
     At this point, it should be mentioned that the literature stated at the references 
section covered the market performance until the end of 2011 and 2012. It’s the 
first attempt to compare large-scale gas and coal fired power plants for the time 
period between 2011 and the first quarter of 2013. Moreover, we attempt to assess 
the hedging performance of every energy commodity traded in EEX trading 
platform for this time period. The majority of the scientific papers, which approach 
the same subject, examine at least two commodities for the previous years in order 
to investigate their hedging efficiency. The fundamental factor which differentiates 
it is that we try to recap the hedging efficiency, model the price pattern for the 
foreseeable future, construct a portfolio with all available future contracts and 
compare our results by using the most updated data series. To the best of our 
knowledge, this study constitutes the first endeavor to model the clean spark and 
dark spread after 2011 given that there is a serious challenge to overcome; after 
2012 we notice a structural break in our CSS data series because the market 
conditions have changed and there is a strong fluctuation between positive and 
negative prices. Additionally, it’s the first study coming against this fact because all 
the available literature examine and model the financial condition of gas – fired 
power plants for the time period when the appeared to yield profits and negative 
CSS prices have never been observed. To sum up, this study adds theoretical insight 
in the field of energy economics by using the most recent data series. They are 
basically comprised by extended negative prices, which is an unprecedented 
situation for the specific market and generally for the financial markets.   
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1.2 Outline of the study 
 
As in any market there is always the necessity for eliminating, reducing and 
managing the exposed risk. Especially for the electricity market, risk management is 
of crucial importance as the design of electricity markets is complex due to a series 
of electricity characteristics that affect supply and demand. This has to do with the 
physical characteristics of the electricity system, which complicates the design of 
electricity markets as electricity is a non – storable and flow commodity and should 
be consumed directly after its production. Extreme volatility, mean reversion, 
skewness and kurtosis of returns, the occurrence of jumps and spikes, and the 
seasonal behavior of energy commodities (due to cooling and heating needs), 
differentiate the power market from all other commodity markets. Moreover, the 
main features describing energy markets are the low correlation between spot and 
futures prices and the hedging effectiveness. Additionally, electricity demand 
undergoes seasonal fluctuations and this is attributed to the seasonality of business 
activities and weather conditions.  These seasonal fluctuations in demand and 
supply are translated into variation of energy commodity prices, and spot prices in 
particular. It is plausible that risk management is crucial and vital for boosting and 
controlling profits and investments in the energy sector due to the reasons that 
were stated above. 
     The main source of data retrieve is from EEX database and Bloomberg including 
prices from both spot and forward market for electricity, NG coal and CO2 
allowances for the time period starting from year 2010 until the first quarter of 
2013. Then, we sort out the spot prices of the energy commodities used, with the 
futures equivalent in order to proceed with the hedging efficiency estimation, for 
each commodity separately. Since, emission allowances and NG are not traded 
during weekends; we adjust all other prices (electricity, coal) only during business 
days in order to constitute the spreads. 
 
 
     Fig. 1: Graphical representation of the study 
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The decision to exclude the forward EUA’s derives from the distinctiveness of the 
specific market because it is observed low trading interest during the whole year 
and peaks out at the end of each year, when power plant operators are obliged to 
succumb their green certificates.  
     After our data preparation has been executed, we use a multivariate GARCH 
model, called BEKK model in order to calculate the optimum hedging ratio and then 
the hedging effectiveness of each contract. Finally, we define the best hedging 
contract for each product. Afterwards, we calculate the spot CSS and CDS and the 
hedged ones based on these findings. We continue with a VaR (Value at Risk), which 
is a risk measurement method in order to verify the gains from hedging 
simultaneously the production and the fuel purchase. At this point we model the 
spreads using a mean – reversion model (Ornstein – Uhlenbeck method) and run a 
Monte Carlo simulation to forecast and visualize the future price paths of the 
spreads.   
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Chapter 2 
Models and Methodology 
 
 
2.1 Hedging Models 
 
In this section are presented the majority of the models that have already been used 
for hedging purposes and make some comments about their performance according 
to the suggestions from the revised literature. The simplest hedging model is a 
linear regression (OLS) model between returns of spot and futures. The slope, ΔF 
coefficient denoted as the hedging ratio and the goodness of fit, R – squared 
describes the hedging effectiveness.  Stein (1961) and Ederington (1979) suggest 
obtaining the OHR by regressing spot returns against future returns. This is a static 
hedging which means that the hedge ratio remains constant over time. In contrast, 
Dynamic hedging strategies provide higher variance reductions in terms of hedging 
effectiveness compared to those attained by static ones. D – BEKK model is widely 
used for hedging purposes ranging from currency to agricultural and energy 
commodities and appears according to the literature to be the most reliable among 
the others. 
     Chang, McAleer, and Tansuchat (2011) examined the performance of several 
multivariate GARCH models in order to hedge dynamically crude oil, and found that 
in terms of reducing the variance of the portfolio the diagonal BEKK model is the 
best one.  Chang, Lai, and  Chuang (2009) also used eight different most popular 
hedging models for crude oil and gasoline futures and came to the conclusion that 
diagonal BEKK model had a superior performance. Moreover, Madaleno and Pinho 
(2009) used the same model for hedging EEX electricity prices and verified that it is 
the optimal one, especially when we deal with time varying hedging. Cotter and 
Hanly (2010) also studying the hedging issue in energy markets and applied a utility 
based approach. He used a multivariate GARCH model to estimate the underlying 
variance covariance matrix for two of the most important energy assets, namely 
WTI crude oil and Natural Gas. He took both long and short positions (strategies for 
both long and short hedgers) for the underlying assets and carried out a Value at 
Risk (VaR) method and minimum variance, as a metric in order to assess the 
performance of the hedging models.  
     The most prominent hedging models, which were widely used in the literature 
include the CCC (constant conditional correlation) model of Bollerslev (1990), 
VARMA – GARCH model of Ling and McAlleer (2003) , DCC (Dynamic conditional 
correlations) model of Engle (2002), BEKK model of Engle and Kroner (1995) and 
Diagonal BEKK. In 2003, Ling and McAleer, overcame the problem of 
interdependences of volatility across different markets or/and assets proposed a 
vector autoregressive moving average (VARMA) specification of the conditional 
mean. Theoretically speaking, GARCH (1,1) captures infinite ARCH process 
(Bollerslev, 1986), but, in fact a multivariate GARCH model with a greater number of 
lags can be problematic. The VARMA – GARCH model assumes that negative and 
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positive shocks of equal magnitude have identical impacts on the conditional 
variance. McAleer (2009) extended the VARMA – GARCH making it capable to 
accommodate the asymmetric impacts of the unconditional shocks on the 
conditional variance, and inaugurated the VARMA – GARCH specification.  
     In many previous studies about energy commodities hedging, it was assumed that 
the conditional correlations are constant which seems to be problematic and lead to 
unrealistic results. For this reason, Engle (2002) attempted to make the conditional 
correlation matrix time – dependent by proposing a dynamic conditional correlation 
(DCC) model. An alternative dynamic conditional model is BEKK which has a 
comparative advantage towards DCC model, that the conditional covariance 
matrices are positive definite, but it suffers from the so – called “curse of 
dimensionality”. MD – GARCH (Matrix – Diagonal) model has also been extensively 
employed in more recent studies about energy commodities. This model, meets the 
requirement that its variance – covariance matrix to be positive semi – definite 
(PSD) because Ding and Engle (2001) suggested estimating the time – varying 
conditional heteroskedasticity (Ht) through a Cholesky decomposition. MD – 
GARCH, BEKK – GARCH and CCC – GARCH models comprise the first category of the 
most popular GARCH – family models which are widely used to assess different 
hedging strategies.  
     An error correction model (ECM) is regarded as a dynamic model in which the 
movements of two non – stationary asset prices are related to a long – term 
equilibrium. We use at the same time a GARCH error structure and utilize the Engle 
– Granger methodology in order to estimate a bivariate error correction model 
having considered that co – integration may help for better characterizing the 
nature of future prices. The co – integration term, represents the short – run 
dynamic deviation from the long – run equilibrium. In multiple hedging 
effectiveness studies it is assumed that time – varying heteroskedasticity, follow 
setting of the MD, the BEKK, and the CCC – GARCH models. The second category of 
the most prominent models used for hedging purposes is comprised by the ECM – 
MD, ECM – BEKK, and ECM – CCC models. The third category is consisted by the 
state space model, which is a mathematically specification of dynamic parameter 
regressions. 
 
 
 
2.2 Hedging in Energy Markets 
 
The interim characteristics of intense uncertainty that prevails in the energy 
markets create the necessity to use futures in order to reduce the risk from 
variations in the spot market. Since futures are a derivative security from the spot 
market, it should be safe to state that both are subjected to the same stylized factors 
and both series should be highly co – integrated. Early studies as it was mentioned 
previously, in this topic assumed and studied a constant hedge ratio, extracted from 
an OLS procedure or a naïve hedging strategy. However, a constancy assumption 
appears inappropriate given the time varying nature of covariance in many financial 
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markets. However, bivariate GARCH framework introduces dynamics to the analysis 
of hedging ratio. MGARCH hedging strategy tends to be the most reliable model 
comparing with other econometric models used for the same purpose, in terms of 
hedging effectiveness, according to the literature, dynamic hedging strategies 
provide higher variance reductions in terms of hedging effectiveness, as compared 
to those attained by static ones, given the poor correlation between spot and futures 
electricity prices. Gagnon and Lypny (1995) and Lynpy and Powalla (1998) 
demonstrate that hedging behavior is more effective using the BEKK – GARCH 
model that using the OLS regression for stock index and interest rate.  This is 
attributed to the fact that spot electricity markets deal with immediate delivery, 
while futures trading do not incorporate the same vital market’s characteristic. 
Future markets, designed to provide hedging mechanisms for investors in order to 
reduce the uncertainty. Additionally, futures reflect market’s expectations about 
future market conditions and therefore the difference between spot and futures 
price (basis risk) is a fundamental indicator about the general market condition.  
     Cash – and – carry arbitrage cannot be implemented in the presence of a non – 
storable commodity such as electricity, creating a looser relationship between spot 
and futures prices, especially when futures maturity increases (H. Torró, 2009). In 
this case, futures contract valuation and its use for risk management purposes is 
even more difficult. The combination of electricity’s spot characteristics including 
extreme volatility, jumps, seasonality and mean – reversion, produce a lower than 
usual correlation between spot and futures prices, and might produce a poor 
performance when hedging spot price risk using futures contracts (Byström, 2003; 
Moulton, 2005; Torró 2009). Moreover, in these papers it is suggested and 
confirmed by the comparing results that the optimum variance reduction is 
achieved using the Multivariate GARCH BEKK model. Electricity futures quotes are 
consistently greater than the expected future spot, a situation denoted as Contango 
(Worthington and Higgs, 2004). However, in the paragraph dedicated in analyzing 
basis risk for each energy commodity we verify that this special feature does not 
exist anymore especially for electricity prices. This permanent condition (used to 
undergo contango situation for several year), which was observed in electricity 
prices seems to be reverted as we verify a shift from contango to backwardation and 
the opposite in our time series.  
 
 
 
2.3 Multivariate GARCH model 
 
Static hedging (like OLS and naïve strategies) means that once the hedge ratio 
remains constant over time. The static hedging strategy determines the equilibrium 
point or neutral point of the dynamic hedging strategy. On the other hand, when the 
position taken in derivatives changes over time, the hedging strategy is called 
dynamic. MGARCH models, according to the literature are widely used to capture 
the time – varying dynamic behavior between both series. So, it is feasible to 
retrieve the time varying hedge ratios based on the conditional variance and 
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covariance of the spot and futures prices. It should be also assumed that the market 
is incomplete; therefore not all risks are hedgeable by trading the underlying future 
contract.  
    In terms of dynamic hedging strategies, Bollerslev (1986),  Eagle and  Kroner 
(1995), generalized the univariate GARCH to a multivariate dimension to 
simultaneously model the conditional variance and covariance of two interacted 
series. This multivariate GARCH model is applied to the calculation of dynamic 
hedge ratios that vary over time based on the conditional variance and covariance of 
the spot and futures prices.  Engle and Kroner (1995) present various MGARCH 
models with variations to the conditional variance – covariance matrix of equations. 
Generalized from GARCH (1,1), a standard M – GARCH(1,1) model is expressed as: 
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Where         is the conditional variance of the errors (         ) from the mean 
equations where: 
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Additionally, the BEKK model for multivariate GARCH (1,1) can be given briefly 
according to Eq. (1) in the following form: 
 
 
                                                       
                                                     (3)  
   
 
Karolyi (1995) suggest that the BEKK (Baba, Engle, Kraft and Kroner) model 
allows the conditional variance and covariance of the spot and futures prices to 
influence each other. This model has the attractive property that the conditional 
covariance matrices are positive define, although it suffers from the so – called 
“curse of dimensionality” (M. McAleer, 2009).  In order to reduce the number of 
estimated parameters, by setting B = AD where D is a diagonal matrix, Eq. (3) can 
be parameterized as: 
 
                                            
                    
      
 
                            (4)            
 
Where      
 ,      
  and      
  are the conditional variance and covariance of the errors 
(       ) from mean equations. In this diagonal representation conditional variance 
and covariance only depend on their own lagged squared residuals and lagged 
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values. The MGARCH model generates more realistic time – varying hedge ratios 
because it incorporates a time – varying conditional covariance and variance 
between the spot and futures prices. Bivariate GARCH modeling allows to model not 
only the conditional second moments, but also the cross moments; the 
contemporaneous covariance between spot and futures. In our case we use the 
bivariate t-student distribution in the multivariate – GARCH BEKK model used here, 
                where   is the degrees of freedom parameter of a conditional 
bivariate t – student distribution (Madaleno,  Pinho, 2010).   is the positive definite 
variance covariance matrix dependent on time,                  . The time varying 
hedge ratios are given by the following equation: 
 
                                                                               
     
     
                                                                (5)                                                                                                              
 
 
     Where      the conditional covariance between the spot and futures returns, and 
      is the conditional variance of the returns. The minimum variance hedge ratio 
was firstly introduced by Johnson (1960) and it is regarded as a strategy that 
minimizes hedged portfolio’s risks. The “optimal” hedge ratio (OHR) is one that 
meets the hedging objective and is primarily designed to minimize one’s exposure to 
unwanted risk.  
 
 
2.4 Method adopted for estimating hedging effectiveness 
 
In the context of a power station, the fundamental hedging principle is selling power 
forward (short position) and buying fuels and carbon credits forward, so as to avoid 
unfavorable spot price movements. It is plausible, that there is the necessity to 
measure the effectiveness of the hedging strategy. In order to estimate the 
performance of the hedge, we compare the unhedged portfolio (composed of spot 
prices) with the hedged portfolio (combination of both spot and futures contract 
held). The hedging ratio defines the number of futures contracts that the hedger 
must sell or buy (this depends on the preferred position that the hedger will follow 
in the paper market) for each unit of spot commodity. The hedging effectiveness is 
calculated by the variance reduction in the hedged portfolio compared to that with 
no hedge coverage. The return of unhedged and hedged portfolios is simply 
expressed as:  
 
                                                                                                                                    (6) 
                
                                                                                                                 (7) 
 
                                                                                                               (8)  
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Where           and         are the logarithmic returns on unhedged and hedged 
portfolio respectively.    and    are logged spot and futures prices at specific time t, 
while    denotes the optimal hedge ratio. Eq. (5) stands for the short hedging 
position of the portfolio while Eq. (6) denotes the long position. The definitions of 
short and long position are described in the section of methodology, analyzing how 
we developed our hedging strategy. Furthermore, Figure 2 represents graphically 
the whole methodology that was followed; step-by-step in order to compute with 
the described model and procedure the hedging effectiveness of each energy 
commodity cited in Data used section.  
 
 
 
Fig. 2: Graphical illustration of the hedging methodology 
 
 
     The hedging effectiveness is measured and assessed by the variance reduction for 
any hedged portfolio compared with the unhedged portfolio. Hedging effectiveness 
is computed by the percentage of risk reduction supported by Ederington (1979), 
Park and Switzer (2005). Thus, a hedging effective index (HE) is given as: 
 
 
                                                                  [
         
    
]                                                           (9) 
 
     Where, the variances of the hedged portfolio are obtained from the variances of 
the rate of return, RH (calculated from Eq. (5) and Eq. (6) respectively according to 
the desired position taken in the futures market), and the variance of the unhedged 
portfolio is the variance of spot returns as it was introduced and applied for hedging 
WTI crude oil futures by Ripple and Moosa (2007). According to Eq. (7), the closer 
the HE is to 1; the degree of hedging effectiveness tends to improve proportionally. 
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A higher HE indicates a higher hedging effectiveness and larger risk reduction, 
meaning that a hedging method with a higher HE is regarded as a superior hedging 
strategy.  
 
 
2.5 Mean Reversion Model 
 
The BEKK model was used only for in the sample, assessing and examining the 
historical hedging effectiveness of our time series. In order to proceed on step ahead 
and make forecasts about the price paths that CSS and CDS are anticipated to follow, 
we simulate them by applying the mean reversion model. The mean reversion 
model is widely used in forecasting and simulating energy commodities prices since 
electricity and gas prices are found to exhibit stronger mean reversion after a price 
spike than in normal period, and price volatility is more than fourteen times higher 
in spike periods than in normal periods (Higgs, Worthington, 2005). For this reason 
the mean – reversion process is one of the most applied for energy commodities 
because it incorporates all the necessary features to simulate the energy’s market 
stylized factors.   
     Lucia and Schwarz, 2002, attempted to capture the characteristics of electricity 
spot prices with mean – reverting specifications. Likewise, Keles, Genoese, Möst and 
Fichtner managed to do the same by applying the O-U process to a time series 
comprising by several negative electricity prices. Moreover, Aydeland and Wolyniec 
(2003) modeled directly the spark spread while the traditional way of modeling the 
spread is to use separate processes for electricity and natural gas prices. Näsäkkälä 
and Fleten (2005) used the same directly method to model the spread as a sum of 
short – term deviations (assumed to follow a simple mean – reverting process) and 
equilibrium price (assumed to follow a geometric Brownian motion). Furthermore, 
Abadie and Chamorro, (2009) applied the O-U model for both CSS and CDS in order 
to address and analyze the risk profile and the income risk that electricity producers 
will face after the Kyoto Protocol. Following, these examples from the reviewed 
literature we attempted to model the spreads but we had to deal with the challenge 
of the presence of several negative CSS in our time series especially after 2012 for 
the peak load time zone. Under normal conditions, Keles, Genoese, D. Möst in their 
article about modeling electricity prices with various mean – reversion models, 
proposed to use logarithmic returns of the electricity prices since it offers better 
variance stabilization. However, the large number of CSS (especially) negative prices 
constituting our time series makes it extremely complicated to follow this way and 
since the literatures doesn’t cover extensively this emerging problem we decided to 
follow Abadie and Chamorro (2009) approach and model directly CSS and CDS 
separately without computing the returns. It should be underlined that until now 
there is no recent literature which deals with this problematic situation and the 
majority of econometric models are designed to model logarithmic prices. From our 
side, we managed to overcome this obstacle by using the O – U method without 
converting the CSS and CDS respectively, to logarithmic returns. After these 
statements we proceed with describing the utilized model. 
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The mean – reversion process or the so-called Ornstein – Uhlenbeck process (see 
Uhlenbeck and Ornstein, 1930) can be formulated for the price fluctuations by 
applying the following stochastic differential equation (SDE): 
 
 
                                                                           
                                             (10) 
 
 
Where    denotes the value of the commodity at time t. The first term of the mean 
reversion process describes the so – called drift component         . The 
parameter    determines the reversion speed of the stochastic component to their 
long – term mean    The main principle behind this mean – reversion component is 
that stochastic price fluctuations around the mean and price peaks are only 
temporarily, caused for instance by power plant outages or capacity shortages. In 
case that price S tends to be higher than the mean price    then the negative        
factor pulls the price level down at a rate determined by the reversion rate   . 
Besides,    is the instantaneous volatility and    
  stands for the increment to a 
standard Wiener process          
   , whereby    is a standard normally 
distributed random variable (Hull, 2005). The second term, the stochastic 
component       corresponds to the standard Brownian motion.  
 
     By applying the Ito’s Lemma we can solve the SDE incorporated in Eq. (8), 
receiving the following exact solution derived from Karatzas and Shreve (2000). 
 
 
 
                                  
     (      )   √
       
  
                                 (11) 
 
 
 
The substitutions: 
 
       
 
                                                                              (      )                                               (12)                          
 
                √
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Lead to the following equation: 
 
 
                                                                                                                     (13) 
 
  
Whereas   is the time difference between t and t + 1. Using Maximum Likelihood 
(ML) estimates, or Least Squares (LS) method, the parameters a, b,      can be 
calculated via the historical stochastic residues (Keles, M. Genoese, Möst, Fichtner, 
2011). Then, we continue with the re-substitution of the parameters a, b,    which 
deliver the original parameters of the exact solution,      . After, we have already 
estimated all the essential factors as mentioned above, the exact solution of the SDE 
is applied to generate the stochastic component of different price paths, simulated 
via the well-known Monte Carlo simulation.  
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Chapter 3 
Data Used and Strategy Definitions 
 
  
3.1 Data Used 
 
The main source of data used, is from EEX database including prices from both spot 
and forward market for electricity, natural gas, coal and CO2 allowances for the time 
period 2010 – 2013 (first quarter of 2013). These price series differ from each other 
by the type of commodity and the delivery period either on the spot market or on 
the futures market in various time periods. Furthermore, all products used for the 
analysis will be introduced by their EEX nametags as well as their basic 
characteristics explanation.  
 
 
3.2 Spot Market 
 
Our used data are classified in two separate subcategories depending on the trading 
market; Spot and Futures prices. For each commodity separately we take and 
analyze the spot prices and try to mitigate or eliminate the risk derived from them 
by using the corresponding futures contracts. In the next paragraph we describe 
extensively and offer all the essential details for each commodity used and traded in 
the spot market.  
 
 
 
3.2.1 Electricity 
 
On the day – ahead market, base load and peak load electricity prices oblige the 
generator for the physical delivery of 1MW for 24h on the following day. These type 
of contracts, guarantee a constant delivery of at least 1 MW inside the entire day and 
are used in order to cover the base load demand. This product is called “phelix day 
base” for baseload time zone and “phelix day peak” for the electricity delivery during 
peakload and the price is referred to, as  /MWh. According to contract 
specifications the price is settled one trading day before delivery meaning that 
during a whole year we observe 365 different price notations results.  
     Besides the 24 h consecutive electricity blocks, in EEX are offered products for 
hourly electricity delivery that oblige power plant operator for the delivery of 1 MW 
over the next hour each. These products traded on the intra – day market and the 
price settlement is formed up to 60 min before delivery is executed. Such type of 
contracts is primarily used in adjustments markets (takes place after day – ahead 
price formation) in order to cover the remaining load demand for a specific 
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following day. The price is also denoted in  /MWh and the volume of the observed 
prices is 8760 (       ) per year. 
 
 
3.2.2 Natural Gas 
 
EEX offers on-exchange trading natural gas for the market areas GAS POOL, 
NetConnect Germany (NCG) and Title Transfer Facility (TTF). We consider the the 
prices The prices of so called “NCG Natural Gas Day 1 MW Contracts” (NetConnect 
Germany – NCG is the delivery market zone area on the virtual delivery hub and the 
gas traded is exclusively H – gas, natural gas with a higher energy density) which 
like electricity contracts previously mentioned incorporate the obligation of 
constant delivery of 1 MW of natural gas over the 24 h of a specific day. However, in 
comparison to the trade of electricity, each natural gas contract can be traded on 
two days before delivery. We noticed in the dataset that, although the price is 
formed for two days, there is not a regular price formation on both days, so we 
consider only the prices when trade actually takes place. 
 
3.2.3 CO2 Certificates 
 
Regarding the CO2 certificates (EU Allowances, EUA’s) we use spot prices provided 
by EEX database. In comparison to the other energy commodities, these are only 
determined on trading days, meaning that their annual dataset is limited to 250 
observations. The smallest trading unit is 1 EUA, allowing the emission of one 
metric ton of CO2 or CO2 – equivalents and the price is given in  /t CO2. According to 
EU energy policy CO2 allocation scheme has already undergone three phases. In the 
first Phase (2005 – 2007) EUAs were given for free but from Phase II (2008 – 2012) 
until now, Phase III (2013 – 2020), allowances are given in the form of biding 
auctions. The trading contract for the second phase is P1E2 and for the next phase 
the valid contract is EUSP ( in our dataset its trading period starts from June – 2012) 
 
3.2.4 Coal 
 
In EEX there is no coal spot price. For this reason coal is traded in spot market 
regarding the API 2 index which functions as the benchmark price reference for coal 
imported into northwest Europe. It is calculated as an average of the Argus cif ARA 
assessment and the IHS McCloskey NW Europe Steam Coal marker. So, this index is 
globally used as a price reference (spot market) against the coal’s derivatives. Since 
there is not a spot coal market in EEX, Argus price agent constitutes some 
geographically based price indices (API 2, API 4, etc). Particularly, API 2 index is an 
assessment for cif ARA steam coal delivered within 90 days specifically, with a 
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calorific value of 6000 kcal/kg and 1% Sulphur at maximum. Unfortunately, due to 
the pricey subscription required for access to Argus database we use as a substitute 
to API 2 index the month futures as the spot price reference. The description of the 
underlying contract can be found below. 
 
 ARA month future (FT2M, EEX code): This type of contract can be traded from 
the current until the next six months. The contract’s volume is 1000 metric 
tons of coal to be delivered per month during the delivery period. The pricing 
is in US Dollar per metric ton, $/metric ton.  
 
 
3.3 Futures Market 
 
In order to mitigate the risk derived from the strong volatility, introduced by the 
spot market we use for each commodity, the corresponding futures contract. 
Indicatively, we use month, quarter and futures contracts available for each 
commodity participating in our calculations and analysis. In the following 
paragraphs we will refer extensively to these contracts describing the basic 
characteristics and specifications under which the trading is taking place at the EEX 
trading platform.  These specifications for each contract are made publically 
accessible through special brochures (product information) published by EEX, 
which contain all the fundamental information about them, like delivery rate and 
period, settlement type, tick size, etc.  
 
3.3.1 Electricity 
 
In the framework of this study we use different German peak load futures contracts, 
which are based on physical delivery of the underlying product, at a specific volume 
and at a specified point in time. Specifically, we consider the prices of monthly, 
quarterly, and yearly futures, which are described in more detail below.  
 
 German peak load month future (F1PM, EEX code): The contract of delivered 
volume under this contract is defined by the transmitted power, delivery 
hours and the corresponding days. For instance, if we consider the delivery 
of 1 MW this is simplified in 720 MW h (                   ). The 
trade of month futures starts nine months ahead at maximum. 
 
 German peakload quarter future (F1PQ, EEX code): This product is similar to 
month futures; however, the delivery period is now three months. According 
to the specifications in the EEX product description the next full eleven 
quarters are tradable in the future but in the data analyzed for the years 
2010 – 2013 the price series are only available for the next full eight 
quarters.  
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 German peaload year future (F1PY, EEX code): The same principles apply also 
for this product as for the already described futures contract. In this case, 
regarding the contract’s specifications, the next full years are tradable.  
 
3.3.2 Natural Gas 
 
The delivery periods and the contracts formation for the natural gas delivered at the 
NCG market area are similar to electricity corresponding futures, as described 
above. In more detail, we cite the contracts we utilized: 
 
 NCG natural gas month future (G0BM, EEX code): The contract size in this case 
720 MW h (as in the electricity’s month future). The specifications of this 
contract state that they are tradable for the following six months and the 
minimal order quantity is 10 MW while the price is defined in  /MWh.  
 
 NCG natural gas quarter future (G0BQ, EEX code): Again, the contract 
structure is similar to the previous ones and the prices is also given in 
 /MWh.  
 
3.3.3 Coal 
 
EEX trading platform offers two separate coal futures contracts, ARA and RB. ARA 
stands for Major coal importing ports in northwest Europe 
(Antwerp/Rotterdam/Amsterdam) and RB (Richarts Bay) in South Africa. EEX 
offers only cash settled month, quarter and year future contracts, which are priced 
against API 2 (trademark of Argus price agent) coal price index. 
 
 ARA Quarter Futures (FT2Q, EEX code): The specific contract is available for 
trading for the respective next seven full quarters and the contract’s volume 
is equivalent to 3000 metric tons of the underlying product while the price is 
be given in $/metric ton. 
 ARA Year Futures (FT2Y, EEX code): The timeframe trading availability of the 
particular contract extends to the respective next six full years and the 
contract volume is 12000 metric tons coal. The pricing method is the same 
with the previous contracts description. 
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3.4 Data Preparation 
 
The first prioritization after we have already gathered the necessary data is to 
match them in order to proceed with conducting our analysis and calculate the clean 
spark and dark spread respectively. Initially, we sort out the spot prices of the 
commodities used with the futures equivalent in order to continue with the hedging 
efficiency estimation for each commodity separately and on different time period.   
     For the next station of the study, we make an approach to forecast the price 
patterns of both clean spark and dark spread by using hourly electricity prices. This 
means that we match hourly electricity prices with the corresponding gas or coal 
and EUA trading day prices so as to constitute the spread for each trading day. 
Emission allowances are not traded during weekend so we adjusted all other prices 
(electricity, gas, coal) only to business days.  
     In order to minimize the risk exposure in power markets we have chosen to use 
forward contracts, developing a hedging mechanism towards market risks. To apply 
this quantitatively we matched future electricity, gas and coal prices with EUA’s spot 
prices, constituting the forward spread. The decision to exclude the forward EUAs is 
due to the distinctiveness of the specific market, because it is observed low trading 
interest during the whole year and peak at the end of each year, as power plant 
operators are obliged according to EU legislation to succumb their EUAs. 
Additionally our choice is based on the conclusion, implying that all investigated 
strategies on the futures market have in common that the change from the futures 
to the spot market products in the trade of CO2 certificates improves the results 
(Palzer, Westner, Madlener, 2012).       
     Furthermore, some significant modifications should be executed on Coal prices so 
as to be comparable with the other commodities, which comprise the dark and 
spark spread respectively. Coal prices are given in $/metric ton. This means that it 
should be in accordance with the currency used in the other energy commodity 
prices and expressed in  /MWh. First of all Dollar prices are converted to Euro 
based on the exchange rate of 04.09.2013 (1 U.S dollar = 0.759 Euros), and then we 
continue with the conversion of one metric ton of Coal to MWh. Traders, according 
to Argus price agency, consider one metric ton of coal is equivalent to the 
production of 6.978 MW hours of electricity. It is crucial to convert coal prices to the 
same units with the other commodities’ prices so as to proceed properly with the 
necessary calculations and comparisons.    
 
 
3.5 Strategy and Methodology Definition 
 
The basic strategy formulation derives from the necessity to eliminate risk exposure 
by evaluating the available forward contracts so as to choose the optimum one. The 
methodology followed is based on choosing the derivative with the best hedging 
performance against market risk for each commodity. To make it clear we cite some 
examples about the implied strategy. For instance, we hedge electricity spot market 
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with all available forward contracts (month, quarter and year) and we use the 
hedging effectiveness calculation accrued from each one as the major determinant 
of acceptance. The same procedure is executed for each commodity involved in 
spread calculation (gas, coal).  
 
 
 Monthly hedging: In this case we hedge each previous month with futures of 
the following month. For example, January’s power production or fuel 
purchase is hedged by February’s corresponding future contract, block 
wisely, covering the whole year. The renewal of the following month’s future 
contract is conducted when the last one matures (first day of each month). 
 
 Quarterly hedging: To perform this hedging we use four quarter future 
contracts so as to cover the whole year. For instance, we use April’s quarter 
future to hedge the first quarter of the year, July’s for the second (quarter), 
October’s (quarter future contract) for the third and January’s for the last 
quarter of each current year.  
 
 Yearly hedging: We use the following year’s future contract in order to hedge 
the previous one. For example, we hedge the power production or the fuel 
purchase for the year 2010 with the year future contract, which matures on 
2011. According to our implied hedging methodology each year – long based 
future contract starts from the first day of the previous year. 
 
 
 
Fig. 3: In this graph it is described the implemented strategy. 
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All these components that were mentioned in the section which describes the 
stylized factors (Chapter 4), affect the energy markets, intensify the uncertainty, 
creating a need for the power plant owner to hedge in order to mitigate the risk 
exposure. An electricity producer is long in electricity as he expects a rise in 
electricity prices, a situation that is interpreted as a signal of higher profits. To 
protect his revenues from an unfavorable price movement he enters into the 
opposite type of trade from the original one, a method that is called offsetting. The 
opposite happens for NG and coal, meaning that he is physical short. Therefore, an 
unexpected rise in feedstock prices will lead to minimized profits. Consecutively, the 
inability to predict accurately the input fuels’ prices drives him to hedge this 
uncertainty by buying them forward.  
     The markets of futures trading are comprised by two different categories of 
traders who have also different objectives and strategies. They are traditionally 
placed in one of two groups, namely hedgers and speculators. In the first category, 
typically belong, the producers and the consumers of a commodity or the owners of 
an asset who have an obvious interest towards the underlying asset. Their 
implemented strategy is based on offsetting exposure to price fluctuations in some 
opposite position in another market. Unlike hedgers, the intension of speculators is 
not to secure and lock at a favorable price but to make a profit from the inherently 
risky nature of the commodity market by predicting market movements. They don’t 
care about minimizing risk, but they envisage risk as a vehicle of increased profits. 
Sometimes, they undertake extremely risky positions, but on the flip they are 
compensated with high premium rate of returns. Speculators are adding liquidity 
into the market since they want to increase their risk and thereby maximize profits 
by flowing money into the market. 
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Chapter 4 
Data Analysis and Hedging Results 
 
 
4.1 Data Analysis 
 
In this part of the specific study we present the analysis of the data discussed in the 
previous chapter (Chapter 3). We cite the descriptive statistics and the diagrams 
derived from the logarithmic returns of the prices. Then, we comment on our 
findings and compare them with the literature based on the previous years and 
insist on identifying the energy’s market structure and behavior after 2010. It 
should be mentioned that our analysis is based on the logarithmic returns (the 
majority of econometric models require logarithmic returns as input) of the 
commodities’ prices as advised by the reviewed literature. However, in order to 
acquire a more precise outlook of market’s behavior we also used the pure prices of 
the underlying commodities. For someone interested in them, diagrams and tables 
representing the propensity of pure prices can be found in the Appendix, which 
accompany this study. Furthermore, basis risk is regarded as a critical indicator and 
facilitates in predicting future market’s performance. Traders around the world 
tend to take into consideration the fluctuation of basis risk in order to interpret 
market’s reactions affected by the updated news feeds and political actions. This fact 
indulged and motivated us to estimate and graphically represent this type of risk for 
electricity, NG and coal separately. According to our findings, it is the first time that 
energy sector is subjected to so adverse financial conditions since, especially 
electricity prices, traditionally followed a contango trajectory. Moreover, except 
from the descriptive statistics and the analysis conducted based on them; we 
calculated the hedging results, as derived by the BEKK model which was introduced 
in Chapter 2. Additionally, we present the output of the model for each commodity. 
The hedging effectiveness is given in the form of percentage. Thus, it is very simple 
to identify the optimum contract, which maximizes risk abatement. Furthermore, 
through the data analysis of commodities’ prices we can identify and investigate the 
basic stylized factors prevailing in the energy sector and we attempt to summarize 
as cited in the following paragraph.  
 
 Seasonal component  
 
The seasonal component in energy commodity prices is more prominent 
than in any other market. They mainly arise due to changing levels of 
business activities or climate conditions, such as temperature or the number 
of daylight hours. 
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 High volatility 
 
High volatility, which, is indeed, unprecedented comparing to other financial 
markets. It is attributed to the lack of storage, capacity and transition 
problems as well as the most significant factor, which is the need for the 
markets to be balanced in real time. Inventories, except from gas and coal 
cannot be used to smooth price fluctuations (except from NG). 
 
 
 Reversion rate 
 
In energy commodities’ markets and especially electricity is subjected to a 
very strong rate of reversion.  
 
 
 Price Jumps 
 
Price jumps are unpredictable discontinuities in the price trajectory and 
occur due to sudden increase or decrease in demand.  
 
 
 
4.2 Electricity 
 
From the below table (table 1) we notice that for peak load electricity prices the 
mean is decreasing with time. Electricity prices traded in the spot market have the 
maximum mean value and Quarter futures the lowest one. Moreover, the standard 
deviation is decreasing with the time, which means that year futures are the most 
stable in terms of price fluctuations. This, behavior is attributed to the fact that 
month and quarter futures mature shortly in comparison to year contracts. For 
instance month futures are expiring month by month so we observe an 
accumulative high volatility but lower than spot’s market.  Year futures entail the 
lowest risk since they do not expire in high frequency and there is the option to hold 
them for several years. The general view about the electricity returns of both spot 
and futures market is the existence of high volatility, non-excessive returns as the 
mean is approximately equal to zero. Additionally, it is obvious that Quarter futures 
exhibit the highest kyrtosis meaning that more probability is accumulated in the 
tails that in the normal distribution as depicted on histogram (c) of figure 1 in the 
Appendix section. From the same figure, we verify that the distribution of electricity 
returns, deviate significantly from the standard deviation especially in the region of 
the mean value where the majority of the observations are accumulated. Skewness, 
which is regarded as a measurement of symmetry appears to be negative 
(Histogram (a) in figure 1 found in the Appendix shows that spot peak load 
electricity data is skewed to the left of the mean) only in the case of spot prices. This 
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lies to the fact that all other contracts incorporate the option of storage but spot 
market must execute the price stabilization mechanism in real time. It is well known 
that electricity itself is a non – storable commodity, yet but it is economically 
storable in the forms of fuels used to produce it. Generally, according to the 
literature the kurtosis and skewness values suggest that daily acute changes 
(primarily for spot prices) are relatively common in electricity prices. In addition, in 
the framework of the econometric analysis, table 2 at the bottom displays the 
results of the stationarity tests. The augmented Dickey – Fuller in combination with 
Phillips – Perron test indicate that all series (logarithmic returns) are stationary in 
the first differences.  
 
 
                Table 2: Descriptive Statistics for spot and futures electricity returns 
 Spot Month Quarter Year 
Mean 0.000742 -0.00038 -0.00021 -0.00042 
Median 0.000416 -0.00122 -0.00136 -0.00083 
Maximum 0.62779 0.1828 0.24345 0.06570 
Minimum 
St.dev 
Skewness 
Kurtosis 
 
Unit Root 
Tests 
 
ADF I(0) 
PP 
- 0.65618 
0.12105 
-0.12655 
6.32565 
 
 
 
 
-10.7557 
-12.1154 
-0.18447 
0.02342 
1.36478 
21.3599 
 
 
 
 
-26.92864 
-26.94191 
-0.22782 
0.02163 
2.12417 
56.4230 
 
 
 
 
-27.06181 
-27.03533 
-0.02607 
0.00804 
1.21600 
10.2785 
 
 
 
 
-22.01756 
-22.13349 
 
 
 
Both future and spot electricity returns have means very close to zero and for this 
reason the unconditional distribution of them are non – normal as evidenced by 
skewness and high kyrtosis. The high excess kurtosis values suggest that we are in 
the presence of leptokurtic distributions, which means we have heteroskedasticity 
present in the data (Madaleno, Pinho, 2010).  
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Fig. 4: In the same graph we plot spot and all available peak load electricity prices, with data taken 
from EEX database. 
 
 
In Figure 4, it is depicted the whole dramatic economic condition that conditional 
electricity generators face nowadays. Renewable energy is highly prioritized by law 
in the German grid, and its penetration rate is becoming higher year by year, 
meaning gas and coal are sometimes required only at peak load periods. Moreover, 
the Eurozone recession is impairing demand. Electricity market used to be in 
contango but, we observe that after the third quarter of 2011 this condition is 
reversed to backwardation as a result of prioritization of solar and wind energy 
which has lessened demand for coal and gas power generation outside peak load 
periods. This means that some plants must operate at a loss or face closure. It is 
plausible, that under these terms there is no reason for generators based on fossil 
fuels to hedge their production as we can see that future prices are continuously 
follow a downward trajectory, while at the middle of 2012 spot prices are higher 
that futures. This is also obvious on the graphs depicted in Figure 5, as we can see 
the inability and ineffectiveness of future contracts to provide a considerable 
hedging performance. Moreover, the descriptive statistics displayed on Table 1 
(Appendix) reveal that spot and Quarter peak load electricity futures have 
approximately the same standard deviation. Futures seem to have low kurtosis 
values comparing to the spot prices while the skewness of Month and Year futures is 
negative. The maximum spot price for the entire period covered by our data series 
was 129.94 €/MWh and happened on 8 February 2012. In addition to this, the 
minimum spot price occurred during the same year on 14 September. It is also 
noteworthy that Year futures obtain the higher mean value but on the other hand 
they have the lowest maximum price since they entail the most prolonged maturity 
time.   
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Fig. 5: In this block of graphs are illustrated the logarithmic returns of spot and futures peak load 
electricity contracts used in this study. 
 
 
Figure 5, shows the daily changes of the log spot and futures electricity prices for 
the period 2010 – 2013 (first quarter). It is clearly observed a strong and 
continuous daily price fluctuation which confirms our initial statement that the 
behavior of electricity prices is unusual and unprecedented in the financial markets. 
The main characteristic of the above graphs is that future return variances are 
significantly less than the total spot return variances. Moreover on the same figure 
we observe volatility clusters for spot and month electricity futures which are 
attributed to the stylized factors and affect the movement of the prices. On the flip 
side, quarter and year futures does not seem to fluctuate significantly. This is due to 
the difference in liquidity among spot and futures market. Particularly, futures 
commodity markets are more liquid than the spot ones. Consequently, variances of 
futures returns are much smaller than those of spot usual returns for commodities 
(Lien and Shrestha, 2007). However, for electricity the difference is huge and this is 
attributed to a high lack of liquidity in spot markets. It should also be mentioned 
that another factor, which causes high volatility in spot electricity contracts, is the 
requirement of the real time market balance. In contrast future contracts entail the 
option of “storage” since their trade is not based on real time delivery but at a 
certain point in the future.  
 
 
 
Table 3: Correlation between spot and futures returns in electricity markets 
 Spot Month Quarter Year 
Spot 1 0.030 - 0.0019 - 0.0207 
Month 0.0306 1 0.2782   0.1534 
Quarter -0.0019 0.2782 1    0.1330 
Year - 0.0207 0.1534 0.1330 1 
 
 
 
From Table 3, we extract the conclusion that the correlation relationship between 
spot and futures electricity returns is very small, even negative, being almost close 
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to zero. This means our hedge will turn out to be bad. Although hedging in 
electricity markets is very important given the erratic behavior of electricity spot 
prices, special features describing these types of markets imply low correlation 
between spot and futures prices, and condition effectiveness of the hedging strategy.  
 
 
4.3 Natural gas 
 
The NG traded in Europe is sourced from the East and particularly from Russia 
through interconnected pipelines, mostly secured under long – term, take – or – pay 
contracts. A take – or – pay clause in the contract oblige the buyer to purchase at 
least a certain amount of the contracted volume or has to pay a penalty. The most 
prominent European natural gas hubs by liquidity are located in UK (NBP), Belgium 
(Zeebrugge), and the Netherlands (TTF). It is the cleanest – burning fossil fuel, 
producing lower levels of pollutants that coal or oil. Approximately, one fifth of the 
globe’s energy needs is covered from NG, compared with one – third from oil and 
one – fourth from coal.  
     First of all natural gas return series for both spot and futures prices are displayed 
in Table 4. Descriptive statistics for the spot and three futures contracts presented 
in Table 4 reveal that NG is less volatile than electricity in terms of standard 
deviation, as for the first one there is the storage option and inventory building.  
Moreover, we observed that for both commodities the volatility is decreasing by the 
maturity time of each contract, as long as futures trade is based on delivery at some 
point in the future and are not used to balance the market in real time, so it is 
incorporated a ”storage” flexibility. This also stands for spot prices as some 
companies own natural gas storage facilities, so the skewness of spot returns is 
positive. On the other hand we recall the negative skewness of spot electricity prices 
due to lack of storability feature.   
 
          Table 4: Descriptive Statistics for spot and futures return 
 Spot Month Quarter Year 
Mean 0.000812 0.000749 0.000857 0.000429 
Median -0.000463 0.000143 -0.000734 -0.000641 
Maximum 0.290310 0.101783 0.147428 0.074297 
Minimum 
St.dev 
Skewness 
Kurtosis 
 
Unit Root 
Tests 
 
ADF I(0) 
PP 
-0.204794 
0.039185 
0.627975 
11.89822 
 
 
 
 
-22.89010 
-22.81576 
-0.115876 
0.018634 
0.493978 
7.993384 
 
 
 
 
-25.71581 
-25.70609 
-0.055034 
0.018292 
1.681457 
12.33982 
 
 
 
 
-26.69673 
-26.70395 
-0.045474 
0.013180 
0.627975 
7.715831 
 
 
 
 
-26.56387 
-26.56334 
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We produce the Dickey – Fuller and Phillips – Perron unit root test with an intercept 
and with one lag term. The results of conducting these particular tests, ascertain the 
stationarity of log spot and futures prices of continuously compounded returns 
presented in table 4. The results and the examination of the specific table verify that 
they are non – stationary in levels but stationary in returns.  
     Table 2 cited in the Appendix at the end of this study displays the descriptive 
statistics of NG prices for the given time period. An eye catching feature of Table 2 
(Appendix) is that both Spot and Futures appear to have approximately the same 
volatility measured in terms of standard deviation. The less volatile asset is the Year 
Futures since the standard deviation of the underlying contract is below 4 and equal 
to 3,5779. An eye catching feature of the same table is negative skewness of Spot 
and Futures NG contracts which is attributed to the presence of NG storage 
capability. Moreover, we observe that Spot, Month and Quarter Futures have 
approximately the same descriptive statistics values (Kurtosis, Mean, Skewness and 
St. Deviation). It should also be mentioned that the maximum spot price (40,5 
€/MWh) happed during 2012 on 7 February while the minimum one (10,4 €/MWh) 
occurred on 19 March of 2010.   
 
 
 
        Fig. 6: This graph represents the spot and NCG NG futures contracts trading in EEX. 
 
 
 
The natural gas market still undergoes a contango condition as we can easily 
observe in figure 6, because NG prices follow an upturn trend. This is in 
contradiction with the formulation of new electricity market conditions where RES 
are in the forefront and conventional power plants are dispatched during peak 
hours. The main explanation for this, as we obviously anticipated a decline also in 
NG market is the fact that the same natural gas is used in a variety of areas: 
residential, industrial, commercial, power generation uses and finally it is used as 
vehicle fuel (LPG). So, due to the reason that the same NG product is also utilized for 
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all these purposes the futures market is stable and capable of providing a competent 
hedging effectiveness. This is also displayed in the below figure (graphs a,b,c 
depicting the returns of month, quarter and year against spot returns) that combine 
spot and futures returns as futures (with the red line) minimize and absorb a 
significant proportion of the risk that the exposure to spot market creates.  
 
 
    Fig. 7: NG spot and futures returns 
 
 
Examining the graphs displayed on figure 7, we find out that spot NG prices 
generate the highest returns as a result of market volatility derived from short – 
term demand and supply inelasticities. Indeed, this is reflected from the large 
difference between maximum and minimum spot returns which reveals a great deal 
of volatility present in the data series.  
 
 
Table 6: Correlation between spot and futures returns in NG market 
 Spot Month Quarter Year 
Spot 1 0.3617 0.3058 0.2801 
Month 0.3617 1 0.7586 0.6714 
Quarter 0.3058 0.7586 1 0.7079 
Year 0.2801 0.6714 0.7079 1 
 
 
 
From the above table (Table 6) we observe that the cross – correlation between NG 
spot and futures prices is higher correlation to corresponding electricity contracts. 
Month contracts appear to bear the highest correlation with spot prices, while the 
rest of the NG contracts are at the same range. 
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4.4 Coal 
 
Concerning IEA Statistics (2012), only 16% of hard coal is traded on the 
international markets. The major importers and exporters of coal divide the 
international coal market into two geographical regions: the Pacific and the Atlantic 
region. Likewise, the main participants in the forefront of global coal market can be 
divided into exporters (belong to the Southern hemisphere) and importers which 
are geographically placed at the Northern hemisphere. Additionally, exporters are 
subjected to risks associated with the extraction of coal (politics, weather, 
investments and logistics) and problems in this area may disrupt the harmony of the 
supply and demand equilibrium mechanism. It is clear that a sudden change in 
supply can affect seriously the global price formulation. Nowadays, more than 40% 
of electricity production is based on coal – fired power plants and the efficiency of 
them is progressively improving through capital intensive investments.  
     We used month futures as spot prices in order to substitute API 2 index, which is 
a product of Argus price agent and the access to these time series was not feasible 
since it is required a professional trading account. Figure 7 displays the price 
pattern for both spot and futures prices. It seems that the prices move in tandem for 
the majority of the time and appear to have three different trend behaviors varying 
from year to year in the range of our time series. From the second quarter of 2010 
they follow an upturn trajectory, which is interrupted at the beginning of 2011. 
After that they decline progressively while during 2012 and the first months of 2013 
prices seem to stabilize at a certain price level. It should be also pointed out that this 
fall in coal’s prices is attributed to emerge of NG fracking technic which is widely 
used in USA (a major coal exporter). This modern NG extraction technic resulted in 
lower NG prices and consecutively swept along coal prices.   
      
 
 
           Fig. 7: It represents the price pattern for spot and futures hard coal’s prices 
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Table 8, displays the summary statistics on the daily rate of returns on coal prices 
including the mean, median, maximum, minimum, standard deviation and skewness, 
as well as the results extracted from the stationarity tests. The averages for the rate 
of return are negative for all assets and approximately equal to zero. The standard 
deviations for the returns are at the range of 0.01 while in comparison to the other 
energy commodities all futures have the same volatility. It is worth noting that the 
skewness of the underlining assets is positive. A visualization of descriptive 
statistics achieved through figure 3 (Appendix) which depicts the histograms of coal 
futures returns. Furthermore, using the augmented Dickey – Fuller (ADF) method 
and the PP (Phillips – Peron) test, it is verified that all coal prices returns reject the 
null hypothesis of the existence of a unit root, which means that the considered 
return series are found to be stationary. The results of the unit root tests are shown 
in Table 8. 
     Additionally, it was mentioned in the introduction of this chapter that in 
Appendix it is cited the Table 3 which covers the descriptive statistics of hard coal’s 
prices. The data from the entire period for the underlying commodity reveals that 
the majority of the descriptive statistics values are significantly the same for both 
Spot and Futures prices. The skewness of coal prices is positive despite the fact that 
the storability option is feasible as in the case of NG. Year futures are the less 
volatile asset because they have the lowest standard deviation but on the other hand 
they capture the highest skewness value. Additionally, the maximum spot price 
occurred on 8 April of 2011 while the minimum one happened on 9 March of the 
previous year.  
 
 
                          Table 8: Descriptive Statistics for spot and futures Coal returns 
 Spot Quarter Year 
Mean -2.97E-05 -4.28E-05 -7.75E-05 
Median 0 -0.000421 0 
Maximum 0.053028 0.059502 0.074934 
Minimum 
St.dev 
Skewness 
Kurtosis 
 
Unit Root 
Tests 
 
ADF I(0) 
PP 
-0.059267 
0.01266 
0.03693 
5.697344 
 
 
 
 
-24.50540 
-24.41943 
-0.059228 
0.01257 
0.31819 
6.063754 
 
 
 
 
-25.25827 
-25.14951 
-0.052742 
0.01025 
0.55151 
8.264596 
 
 
 
 
-27.36834 
-27.36315 
 
 
 
According to the descriptive statistics as displayed in table 8 we can see that coal 
spot and future prices have negative mean and their median is close to zero. 
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Standard deviation is regarded, as a measurement of volatility appears to be 
negligible as well as skewness, which is positive for every contract. Kurtosis is 
increasing with the maturity of contract’s expiration time meaning that all 
distributions deviate from the normal one as the majority of probability is 
accumulated in the tails. 
 
 
Fig. 8: Both a and b graphs depict the logarithmic returns of spot and hard coal futures. 
 
 
 
The returns of future contracts overlap significantly the spot ones, meaning that 
they are suitable for an effective and power hedging. Comparing to Electricity and 
NG futures Coal contracts have significantly the same returns with the spot market 
meaning that they move in tandem. At this point it should not be omitted to be 
mentioned that this behavior may lie to the fact that we substituted spot price (API 
2 Index) with the Month coal futures listed on EEX trading platform. Moreover, an 
eye catching feature of figure 8 is that the volatility of both spot and futures prices is 
decreasing by the time  
 
 
 
4.5 EUA Emission Allowances  
 
The EU ETS was officially introduced in January 2005 based on the Directive 
2003/87/EC with the fundamental purpose to encourage the reduction in 
greenhouse gas emissions and mitigated the related problem of global warming by 
applying a cost – effective way as proposed by the EU energy policy authorities. 
According to this formulation all EU members agreed to inaugurate a market for 
trading carbon emission allowances in which, except from energy producers 
participate also the industrial and aviation sector. The EU ETS is formed and 
separated in three commitment phases. The first (pilot) phase lasted from 2005 to 
2007 while the second one, Phase II, lasted from 2008 to 2012 and coincided with 
the commitment proposed by Kyoto protocol to reduce EU greenhouse gas 
emissions by 8% below the 1990 level. The third period, known as Phase III will run 
from 2013 to 2020. The market’s structure is based on a cap – and – trade system 
39 
 
under which, each member state receives a certain volume of EUA in order to meet 
compliance requirements. If firms have managed to cover their needs with the given 
quantity of allowances, they have the option to sell their surplus EUA units in the 
market. 
 
 
 
Fig. 9: This graph illustrates the price trajectory that EUA emission allowances follow 
 
 
To meet compliance requirements they can also use other instruments called CERs 
(Certified Emissions Reductions) which are attained on the basis of emission 
reduction projects. Otherwise, they can use ERUs (Emission Reduction Units) which 
are obtained by emissions’ reduction under JI (Joint Implementation) projects. In 
case they fail to meet their commitments using the instruments mentioned they will 
be fined. The transition from Phase II to Phase III means that NAPs will no longer be 
used onwards, and allowances will be determined and allocated centrally by the 
European Commission.  The EU directive 2009/29/EC regulates the third phase of 
the plan and introduces a full auctioning system for the allocation of green 
certificates. In 2009 it was estimated that encompasses about 40% of total 
European GHG emissions were covered by the EU – ETS.  
     In figure 9 we observe the presence of two different contracts for emission 
allowances. This is because Phase II is terminated at the end of 2012 meaning that 
P1E2 contract will not be valid any more. Consequently, the price of the underlying 
contract is dropping down as its trading period is fading out due to the inability to 
bank and carry these permits into Phase III. After this price collapse we see that the 
prices range between 6 -8 €/t CO2 . Additionally, at the end of 2012 we observe one 
more price fall which is attributed to the adverse economic condition that Eurozone 
undergoes and affected the electricity demand and consequently the consumption of 
fossil fuels. In this field, there is a lot of econometric research centered on the 
relationships between the EUA price and related economic variables. These studies 
try to investigate the principal drivers influencing the carbon price. Bunn and Fezzi, 
state that the EUA price is influenced by the cost of energy prices (oil, natural gas 
and coal) and especially the electricity price. Convery and Redmond identify 
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increases in the oil and natural gas price as a significant driver which augments the 
EUA price. Rickels, Gorlich, and Oberst (2010) state and provide evidence that 
unusually high wind speeds in Germany are associated with a declining EUA price, 
because higher amounts of wind power enter the grid.   
 
 
 
4.6 Basis Risk 
 
To start with, the main principle of hedging the risk is to take a position that 
neutralizes the risk as far as possible. The inability to predict accurately the price 
movements drives to hedge this uncertainty with futures contracts (Hull, 2010). By 
hedging, unpleasant surprises, such as sharp rises in the price of a commodity that is 
being purchased are avoided. Basis risk is described as the “mother of all risks” and 
it occurs when futures and spot prices fail to move in tandem.  In general, hedging 
risk is the uncertainty associated with the basis at the close – out of the contract. 
Basis in a hedging situation is as follows: 
 
                                                                      
  
Both spot and futures price, converge at the maturity day of the contract. When the 
futures contract expires, the basis must be zero otherwise arbitrage opportunities 
may exist. In case there is an increase in the basis, this fact is referred to as a 
strengthening of the basis; a decrease in the basis is referred to as a weakening of 
the basis. All the commodities we are examining belong to the normal market 
category, which means that distant futures are higher, that near futures. For 
example, if we compare the price of a month with a year future gas contract we 
ascertain this normality in the market as prices increase in accordance with the 
long-term maturity.  
     Markets are divided in two main categories according to the basis movements. 
Contango markets have a negative basis (basis < 0) as Futures prices are above the 
spot prices while backwardated markets basis is positive (basis > 0) because 
Futures prices are below the spot prices. When the market undergoes Contango 
situation, it is ideal to capture the contango premium with favor long haul sales as 
well as to store and sell later. Additionally, in the case of a backwardated market the 
proper reaction is to proceed with immediate sales and depletion of current 
inventories.   
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4.6.1  Electricity Futures Basis Risk 
 
From the above graph we observe that both month and year futures undergo an 
intensive basis fluctuation, which means that the value of the hedge may not move 
up or down, in sync with the value of the price exposure (electricity spot price). The 
market balances between contango and backwardation and we can observe a 
seasonality effect in this finding. It is should also be mentioned that as we take the 
short position in the futures electricity market (long in physical) in order to 
replicate the physical risk it is favorable for the hedging when the basis strengthens 
and especially when it is above zero. 
 
 
Fig. 10: Graph (a) represents the basis risk derived from spot and quarter peak   load 
electricity futures, while graph (b), between spot and year futures. 
 
 
For every market the futures contract behavior is a significant indicator about the 
market’s future condition in the near future. Year futures are more prolonged 
contracts comparing to the previous ones, so are regarded as better indicators. 
From the corresponding graph we come up with a significant conclusion. Even 
thought that electricity market undergone a contango condition during the previous 
years (basis is under zero), and this was only reversed by some short term spikes 
we come up with a prolonged backwardation starting from August of 2012. We also 
verify a seasonality effect in year futures but this is interrupted from the beginning 
of 2012 when the backwardation seems to appear.  
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             Fig. 11: Basis risk between spot and month peak load electricity prices 
 
 
4.6.2 NG Futures Basis Risk 
 
On the other hand, Natural gas futures seem to have a better hedging performance, 
as their basis is almost flat. In this case, when basis does not change the risk is 
eliminated and the hedger neither makes profit, no incurs a loss. There is no adverse 
move or a breakdown of expected differentials between spot and futures natural gas 
prices. Month and Quarter futures display almost the same behavior as the basis 
undergoes infinitesimal fluctuations in the region of zero. Only the spot spikes 
cannot be absorbed by the futures and for this reason we can observe some basis’s 
deviations from its normal structure.  
 
 
Fig. 12: Graphs a, b and c display the basis risk derived as the difference between spot and 
futures NG prices. 
 
 
In contrast, basis risk between spot and year futures fluctuates, as it is not so flat 
comparing to the short-term contracts. As long-term market behavior is being better 
interpreted by year futures, we can observe that natural gas market used to be in a 
contango condition (basis < 0) except from some sudden spikes but this stopped for 
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first time at the end of 2012 when a backwardation condition initialized. According 
to our initial hedging strategy we decided to take a long position on the Natural Gas, 
and this means that as basis weakens our position seems to gradually improve and 
achieve a better hedging. Based on this assumption we find on the graph that from 
the time period between the end of 2010 and the third quarter of the 2011 the basis 
is decreasing progressively, which means that our hedging will be effective. 
Concluding the section of the basis risk, it should be mentioned that basis is of 
paramount importance as it is a simple visual indicator and signal of our hedging 
performance and at the same time we can decode the market conditions and trends 
so as to take precaution measures.  
 
 
4.6.3 Coal Futures Basis Risk 
 
Graph a and b as dislayed in Figure 13, represent the basis risk of quarter and year 
coal futures as recorded for our time series. We observe that quarter futures basis 
risk is more flat comparing to the corresponding year contract and deviate between 
contango and backwardation. It should be pointed out that the best indicator for the 
anticipated market condition are the future contracts. We take year futures as a 
market condition forecast benckmark accrued from the basis risk given that all 
other contracts mature inside the year. The volatility intensifies and is augmented as 
we are close to the contract’s maturity time. In order to avoid the presence of this 
phenomenon we take as a reference for the future market condition the basis risk 
derived between spot prices and year futures. Hard coal market undergoes a 
contango condition for the majority of the time in our time series since basis is 
below zero. Basis also, fluctuate a lot, and this is not interprented as a propitious 
situation for a promising hedging. 
 
 
          Fig. 13: Basis risk derived from spot and coal futures. 
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4.7 Hedging Results 
 
In this section are presented and analyzed the results from the BEKK model which 
was used in order to identify the optimum hedging contract for each commodity 
separately in terms of percentage of risk (variance) reduction. It’s more prudent, 
according to the results; the spot market electricity and coal hedging with long-term 
maturity futures while for NG the short term appears to perform better. 
Furthermore, we can see the returns of both hedged and unhedged portfolios so as 
to obtain a visual approach towards hedging effectiveness parameter. Additionally, 
we use the VaR method as a risk measurement tool, in order to verify the difference 
between hedged and unhedged CSS and CDS. As depicted on the graphs the VaR is 
minimized in case of a hedged CSS. This is also obvious as some of the gas – fired 
power plants, which are still in operation; their whole production was hedged in 
advance.  
 
 
                       Table 9: Hedging effectiveness 
 Electricity NG Coal 
Month 1.2% 33.6%  
Quarter 8.7% 9.36% 76.78% 
Year 14.6% 22.6% 81.83% 
 
 
 
According to our estimations we anticipated a poor hedging performance of 
electricity futures due to the insignificant correlation between spot and futures 
prices. This is also confirmed from the results depicted on Table 9, where it is 
obvious that electricity appear to be a difficult case for eliminating in high 
proportion the risk factor. This is also affected by the stylized factors which were 
introduced in Chapter 2 by triggering high volatility. The combination of high 
volatility with the lack of storage capabilities constitute the principal factors of the 
low hedging effectiveness, calculated for the electricity futures. It is normal that 
Year Electricity Futures yield the highest risk reduction since they undergo the least 
acute volatility. Moreover, NG futures seem to attain better hedging performance 
comparing with Electricity. Concerning the calculations for the hedging 
effectiveness of NG presented on Table 9, Month NG Futures is the optimum 
contract in order to curtail the risk derived from the spot market. Additionally, it is 
noteworthy that Quarter NG futures have so low hedging performance comparing to 
the Month and Year futures contracts of the underlying commodity. On the other 
hand hard coal’s Futures appear to have hedging effectiveness more that 50% which 
means that we anticipate a very stable and constructive hedging. However, it should 
be pointed out that instead of hedging against API 2 index (coal market’s spot price 
benchmark) we used the Month Futures. Likely, this substitution may have affected 
our calculations by pushing up the hedging effectiveness values of coal’s futures. 
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Then, after we have already defined the optimum hedging contract for each 
commodity we should provide further details about the estimated coefficients of the 
used D – BEKK model. The following tables contain the calculated factors of the 
underlying model and we present only the output of the model for the futures 
contact with the best hedging performance for each commodity separately. The 
calculated coefficients are described in Eq. (3) and Eq. (4) in Chapter 2 which 
constitute the mathematical expression of the D-BEKK model. In Table 10 are cited 
the coefficients and the overall output of the specific model in the case of Year peak 
load Electricity futures which are found to generate the optimum hedging in case of 
electricity.  
 
 
Table 10: D – BEKK model output for EEX peak load electricity prices 
 Coefficient Std. 
Error 
z-Statistic Prob. 
C (1,1) 0.001234 0.000296 4.164385 0.0000 
C (1,2) -2.13E-06 4.08E-06 -0.522979 0.6010 
C (2,2) 
A1 (1,1)  
A1 (2,2) 
B1 (1,1) 
B1 (2,2) 
8.65E-07 
0.435871 
0.274615 
0.858399 
0.955584 
2.93E-07 
0.033086 
0.015151 
0.021703 
0.005627 
2.951499 
13.17400 
18.12575 
39.55226 
169.8259 
0.0032 
0.0000 
0.0000 
0.0000 
0.0000 
 
 
 
Additionally, it is cited the output of the same model for the NG Month futures which 
is found to be the best hedging contract for the long position taken in NG 
commodity. The results derived from NG Month futures calculation are depicted and 
summarized in Table 11. 
 
 
          Table 11: D – BEKK model output for NG Month Futures 
 Coefficient Std. 
Error 
z-Statistic Prob. 
C (1,1) 0.000282 3.08E-05 9.172595 0.0000 
C (1,2) 2.32E-05 4.81E-06 4.815915 0.0000 
C (2,2) 
A1 (1,1)  
A1 (2,2) 
B1 (1,1) 
B1 (2,2) 
2.78E-06 
0.548892 
0.226600 
0.722343 
0.964314 
7.92E-07 
0.037324 
0.022554 
0.029472 
0.006951 
3.510810 
14.70630 
10.04698 
24.50922 
138.7375 
0.0004 
0.0000 
0.0000 
0.0000 
0.0000 
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And finally, we present the model output for the year futures coal contract which is 
the optimum contact according to the calculations depicted in Table 9 in order to 
mitigate the risk factor emerging from the spot coal market. 
 
         Table 12: D – BEKK output for hedging hard coal  
 Coefficient Std. 
Error 
z-Statistic Prob. 
C (1,1) 3.78E-06 1.09E-06 3.456798 0.0005 
C (1,2) -2.77E-07 4.44E-07 -0.624420 0.5324 
C (2,2) 
A1 (1,1) 
A1 (2,2) 
B1 (1,1) 
B1 (2,2) 
6.47E-06 
0.250255 
0.254937 
0.952446 
0.935059 
1.46E-06 
0.030782 
0.029536 
0.010145 
0.013274 
4.437659 
8.129851 
8.631505 
93.88628 
70.44196 
0.0000 
0.0000 
0.0000 
0.0000 
0.0000 
 
 
Table 13 and Table 14, display the estimated probability and their parameter values 
for different price trajectories on the spot market, selected on the basis of test 
results of test results of the Anderson Darling (A – D) and the Kolmogorov – 
Smirnov (K – S) test procedures. Table 13 depicts the best fit distribution for the 
commodities traded in the spot market while Table 14 summarizes the distribution 
properties of the best hedging future contract for each energy commodity. 
 
 
                        Table 13: Estimated probability distribution (Spot Market) 
Commodity Distribution A - D K - S 
Electricity, peak load Logistic 0.8303 0.016 
Gas, day ahead Weibull 6.1230 0.020 
Coal, Spot Max Extreme 14.068 0.03 
CO2, day - ahead Uniform 22.6862 0.000 
 
 
 
            Table 14: Estimated probability distribution (Futures contracts) 
Commodity Distribution A - D K - S 
Electricity (year) Lognormal 6.6151 0.01 
Gas, month Min Extreme 39.7863 0.000 
Coal (year) Gamma 17.1628 0.02 
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4.8 Semblance Wavelets  
 
An attractive and powerful way to compare two non – stationary time – series on 
the basis of their phase is through a Fourier transform – based semblance analysis. 
It is a useful technique to compare different datasets based on their phase is termed 
semblance analysis (Frese, 1997). The semblance S(f) is the cosine of the difference 
between the Fourier phase angles of the two datasets, at each frequency f (Cooper, 
2008). It can take values between -1 to +1, where a value of +1 implies a perfect 
phase correlation, 0 denotes zero correlation, and -1 corresponds to perfect 
anticorrelation. This method has been widely used in the field of Geophysics, but 
recently it was used in financial engineering in order to identify visually the 
relationship between two different times – series. In the framework of this study, we 
implemented this method in order to visualize the correlation between the spot 
price and the underlying best hedging future contract of the same commodity. It 
should also be mentioned that ‘x’ axis of the following graphs denotes the days of 
the examined time period.  
 
 
 
Fig. 14: Spot and Futures contracts of NG 
 
 
Furthermore, Figure 15 illustrates both spot and month NG futures accompanied by 
the continuous wavelet transform for each one. The relationship between them is 
represented in the form of semblance. There is different color illustration depending 
on the correlation’s type.  In the following graphs we compare spot and future prices 
of peak load electricity, Natural Gas and Hard coal, separately for each commodity. 
First, we graph the spot prices, calculate and visualize the continuous wavelet 
transform of spot and futures for each commodity and then, the semblance which 
represents the correlation between them is estimated using MATLAB software. 
 
 
 
 
48 
 
 
 
 
Fig. 15: Spot and peak load electricity futures 
 
 
Figure 15 illustrates both spot and year peak load electricity futures accompanied 
by the continuous wavelet transform for each one. In addition, the correlation 
relationship between them is represented in the form of semblance. There is 
different color illustration depending on the correlation’s type. It is obvious that   
peak load electricity spot and futures undergo a low correlation relationship based 
on the colorized representation depicted in figure 14. 
 
R(f) and I(f) denote the real and imaginary components of the Fourier transform of 
the data at a frequency f, then the semblance is given by: 
 
 
                                                   
                     
√  
       
    √  
       
    
                                                  (12) 
 
 
The wavelet equivalent of the previous equation is (Cooper and Cowan, 2008) 
 
                                                           
                                                                                                                                           (13) 
 
Where:                                                          
         
         
                                                   (14) 
   
               
And,                                                                
                                                     (15)   
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Where, CWT1 is the continuous wavelet transforms of dataset 1, and CWT2 is the 
continuous wavelet transform of dataset 2.    
         
 
Fig. 16: Coal spot and futures contracts 
 
 
     Finally, figure 16 depicts both spot and month Coal electricity futures 
accompanied by the continuous wavelet transform for each one. It is found that bot 
spot and futures are subjected to strong correlation linkage and only between 2011 
and 2012 we see that this relationship is being disturbed at some extend.  
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Chapter 5 
Portfolio Optimization 
 
 
5.1 Portfolio Theory 
 
Markowitz (1952) demonstrated that if we want to optimize and investment, 
maximizing the associated expected return and minimize at the same time the risk 
factor, the investment should be subjected to diversification. Moreover, he 
extensively proved and underlined in his paper that the diversification should be 
characterized as effective only if it manages to maximize the economic benefit by 
eliminating the incorporated risk given that the prices of different assets are not 
perfectly correlated. According to Markowitz portfolio theory, a portfolio is efficient 
if no other portfolio exists with the same expected return and lower variance. Thus, 
the efficient frontier is the set of efficient portfolios for a given problem. Therefore, 
after we have already defined the efficient frontier, based on Markowitz theory, only 
one portfolio must be chosen.  
     The hedging technique which was utilized in Chapter 4 of this study in order to 
generate the optimum hedging ratio for the available contracts is called 1 – 1 (one to 
one hedging). Therefore, it uses only one future contract in order to eliminate the 
risk exposure in the spot market. In this section we will attempt to construct two 
different portfolios, one comprised with both spot and futures and the other one 
only with derivatives. The comparative advantage of a hedged portfolio with 
multiple assets is the diversification because we do not depend only on the futures 
contracts. We can see the efficient frontier of both portfolios, which seems to be 
identical. Except from the efficient frontiers there are graphs presenting the 
portfolio’s weight and structure at every point of standard deviation (risk). This will 
be also executed for electricity and coal in order to achieve a portfolio optimization, 
which is more efficient than 1 -1 hedging. 
     Palzer, Westner and Madlener (2012) at their study about the evaluation of 
different hedging strategies for commodity price risks of industrial cogeneration 
plants used a combination of different strategies based on Markowitz’ portfolio 
theory in order to achieve the optimum mix with the higher yield, at the same time. 
Something similar will be implemented in this dissertation in order to investigate 
the optimum allocation of futures and spot prices for each commodity that comprise 
the CSS and CDS. In this way we will attempt to diversify and generate at the same 
time, higher returns. Firstly, we calculate the mean value and the corresponding 
standard deviation, which are very significant components in order to estimate and 
extract the efficient frontiers. Using Eq. (16) we define the mean of the portfolio  . 
 
                                                           ∑      
 
                                                                (16) 
 
With   being the mean value of the distribution comprised by spot and futures 
prices of each commodity separately and   denotes the weighting coefficient 
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among them. The prefactor  represents the allocation of spot and futures contracts 
in the form of a percentage ratio at each risk point. Thus, the assets which constitute 
a portfolio are subjected to a restriction and should not overcome the ratio of 100%. 
This restriction is mathematically expressed by Eq. (17). 
 
                                                                   ∑     
 
                                                                   (17) 
 
 
In addition, it is very crucial to estimate the variance   (standard deviation) of the 
portfolio which depicts the risk factor. This is computed by the following Eq. (18). 
 
 
 
                                  √∑   
    
  ∑ ∑              
 
   
 
   
 
                                  (18) 
 
 
Where,     is the correlation between the spot and futures contracts of the 
underlying energy commodities and   are the standard deviations of the respective 
contracts. The synthesis of the portfolios and the combinations between spot and 
futures prices are estimated using MATLAB by applying Markowitz’ algorithm. In 
the following paragraphs we analyze electricity, NG and coal portfolios separately 
and assess their performance and their structure based on the level of risk we 
would like to undertake.    
 
 
 
 
5.2 Peak load electricity portfolios  
 
In this session of the study we try to find the allocation of two different portfolios 
comprised by peak load electricity, spot and futures contracts. At first glance we 
observe that the portfolio which is consisted only with futures contracts is not 
efficient since it yields negative returns. This means that it is not prudent to attempt 
a diversification based only on the forward market. On the other hand, the other 
portfolio which contains both spot and futures prices (the efficient frontier with the 
blue line) seems to be the optimum way to diversify. Until the point with standard 
deviation equal to 0,0401 the specific portfolio is also inefficient because it records 
negative returns. Point 2 (where standard deviation is equal to 0,0553) on figure 17 
depicts the less risky point of the portfolio. At this point we achieve a return 
approximately equal to 0,0001 , and it is optimum for an electricity producer with a 
risk averse profile. It should be underlined, that the portfolio’s return at this specific 
point is not significant. Therefore, financially speaking there is no reason to 
diversify, given that it is more expensive than one – to – one hedging method and 
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the economic benefit is minimum. If we attempt to proceed further from point two, 
to point tree, which is regarded as a more risky decision, we see that the risk is 
increased. At the same time the returns are increased in tandem with the risk’s 
movements but not at high levels so as to justify a power plant’s owner decision to 
undertake and support financially this risk. To continue with, we figured out that 
despite the fact we increase the risk significantly, the yield of the portfolio remains 
at low levels. It is more than obvious, that there is no reason for an electricity 
producer to invest in this portfolio, meaning that it is more beneficial for him to 
develop a hedging strategy consisted only with one forward contact in case he 
wants to eliminate the risk derived from the spot market. This argument is 
consolidated by the fact that the ultimate risky point, point 4 on figures 17 (risk 
equal to 12%) gives back only 0.0004 in returns. To sum up, according to our 
findings it should be avoided an investment in this portfolio and manage the risk by 
taking a short position in the paper market using year peak load electricity futures 
as described in Chapter 4.  
 
                                                        
Fig. 17: Efficient frontiers of the two different portfolios. 
 
 
      Furthermore, in the framework of portfolio analysis we should compute the 
portfolio’s weights at each point which represent the standard deviation, as 
depicted on figure 18. Figure 18 accomplishes this target and presents the allocation 
of spot and futures contracts given the risk’s value. It was previously mentioned that 
the portfolio which was constituted only by futures is inefficient as it does not 
manage to generate positive returns. Graph (b) from figure 18 displays the portfolio 
synthesis and we verify that among futures peak load electricity contracts, the 
quarter one appears to be the most risky while the year contract eliminates 
significantly the risk factor but it struggles to produce economic benefits. However, 
it is considered as a non-profitable portfolio, so there is no need to comment further 
on it, but it certifies that the year futures are the least risky. In contrast, the efficient 
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frontier drawn by the blue line becomes profitable at point 1, where the synthesis, 
consists of quarter and spot as depicted on figure 18. As we increase the risk factor 
we verify that spot obtain the lion’s share of the portfolio’s synthesis. This is 
something that we anticipated because in Chapter 4, where we investigated the 
descriptive statistics, spot market found to be the most volatile.  
 
 
 
  Fig. 18: Portfolio weight of two different portfolios. 
 
 
 
     
5.3 Natural Gas portfolios 
 
In this paragraph we discuss the matter of different combinations of spot and 
futures NG contracts in order to construct the efficient frontier of the underlying 
commodity. Figure 19 illustrates the combination of two different portfolios; one 
comprised with spot and futures NG contracts while the second one, only with 
futures in order to achieve a better combination.  From the first view at Figure 19 
we observe that in comparison with electricity’s portfolio, the NG’s portfolio 
generates positive returns for every risk point. Moreover, it is obvious that both 
efficient frontiers of the portfolios appear to be identical and follow the same 
pattern as well as they bear approximately the same returns. Again, it happens the 
same as in the case of electricity’s portfolio; the returns remain at a low level despite 
the fact that the risk component is increased. From this behavior, we extract the 
conclusion that it is not economic sustainable to try to minimize the risk through 
diversification offered by this particular portfolio. Point 1 on figure 19, denotes the 
less risky point with risk approximately equal to 0,013 for both portfolios and the 
corresponding return at this point is limited to 0.0004. If we move to point 2, the 
risk is increased to 1,6% and the returns exceed 0,0007. At point 3, which is 
considered to be the most risky one, the returns of both portfolios are between 
0,0008 and 0,0009.  
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   Fig. 19: Efficient frontiers of the two different portfolios. 
 
 
     Then we analyze the portfolio’s weights at each risk point in order to see which 
contracts are used and their percentage contribution in the portfolio’s synthesis. 
Figure 20 is a graphical representation of the portfolio’s weight at every risky point 
where risk is correlated with the standard deviation at this point of the efficient 
frontier. The illustration (a) of figure 20, depicts the portfolios consisted by both 
spot and futures, while illustration (b) of the same figure presents the portfolio 
synthesis which includes only future contracts. From graph (a) we verify that we 
can achieve the greatest risk reduction if the majority of our portfolio is comprised 
by year NG futures. Covering the majority of the portfolio with this specific contract 
is capable of maintaining the risk at low levels. On the flip side, we observe that as 
risk increases, the percentage of Month and Quarter NG futures in the portfolio’s 
weight is also augmented.  At point 3, which is regarded as the most risky one, of the 
portfolio depicted on figure 19, the portfolio’s development is based on investing 
only in Quarter NG futures. Furthermore, graph (b) presented in figure 20 shows a 
portfolio that is built using only NG futures. At point 1, which is the optimum one for 
a risk averse investor the risk is limited to 0,0132 if we combine Year and Month NG 
contracts. Year NG contracts in this portfolio maintain the lion’s share and we use 
some additional Month contracts in order to cover the position. Additionally, if we 
have the willingness to increase the risk we have to increase the percentage of Year 
and Month NG contracts and at the same time curtails the ratio of the Year contracts. 
Finally, in case a power plant owner wants to undertake high risk (Point 3 on Figure 
19) he has to invest only in Quarter futures (portfolio with spot and futures) or in 
Quarter futures (portfolio with futures only). 
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  Fig. 20 : Portfolio weight of two different portfolios. 
 
 
5.4 Coal portfolios 
 
This paragraph is devoted in investigating the combination performance of multiple 
coal futures in order to constitute a portfolio based on them. The returns of this 
portfolio, as depicted in figure 21 replicates negative returns for every risk point. 
This means that the portfolio is economic inefficient as it cannot produce profits. 
Moreover, we observe that the returns derived from the portfolio which is 
structured only with futures generates more negative returns comparing with the 
portfolio, in which spot and futures hard coal’s prices are combined. The overall 
concept is to minimize the risk through diversification, using multiple hard coals’ 
derivatives, but we find out that they fail to form an efficient portfolio. 
Consequently, in case of coal it is not feasible to achieve diversification for risk 
mitigation but use the one – to – one hedging technique for this purpose. This will be 
executed by utilizing year futures of the underlying asset because in Chapter 4 we 
calculated that they have the best hedging performance comparing to the available 
contracts.   
 
 
           Fig. 21: Efficient frontiers of the two different frontiers.  
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From figure 21 we observe graphically the combination ratio of coal spot and 
futures contracts at each standard deviation point. The first bar of illustration (a) in 
figure 22 represents the less risky point of the efficient frontier drawn with the blue 
like in figure 21. At this point the portfolio is comprised by spot and year futures 
and as risk increases we figure out that the percentage of spot in the portfolio 
synthesis also increases. Furthermore illustration (b) of figure 22 displays the 
synthesis of a portfolio constituted only with coal futures and specifically the 
efficient frontier drawn with the red line in figure 21. We verify that at the least 
risky point, where the standard deviation equals to 0,01024 only year futures are 
used in order to eliminate the risk component. In contrast, at point with the 
standard deviation equal to 0,0126 and the composition of the portfolio is only 
based on Quarter futures the risk is maximized.   
 
 
 
  Fig. 22: Portfolio weight of two different portfolios. 
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Chapter 6 
Modeling Spreads 
 
 
 
6.1 CSS and CDS Calculation 
 
The profits of the power operators are highly correlated and based on the Dark and 
Spark spreads, as well as the difference between them. Producers pay close 
attention to these spreads as they represent the theoretical profit that a coal or gas – 
fired power plant makes from selling a unit of electricity, having purchased the fuel 
required to produce that unit of electricity. Additionally, the EU legislation 
inaugurated an emissions trading system, and with the introduction of emissions 
cost, the Dark and Spark spread need to be adjusted to the EUA prices; thus become 
respectively the Clean Dark and spark spreads. It should be mentioned that during 
the first two phases of this trading system, the allocation of the green certificates 
was free and each country developed its own NAP (National Allocation Plan). The 
third phase of the EU emissions trading scheme, abolished the free allocation, so 
according to the new EU directive the producers have to participate in an auction in 
order to buy the required number of emissions according to their pollution activity. 
There is a unified, centralized European allocation mechanism as EEX is now 
authorized and responsible for the emissions auctions. The previous mechanism 
didn’t promote the competition because each European country had a different 
allocation strategy, which created some disputes among the European electricity 
utilities, complaining for unequal treatment from country to country.  It is obvious 
that this modification in the legislation and the market’s structure, burdens the 
producers with an additional cost, which is incorporated in the spread’s calculation 
and therefore minimize the expected profits. From a financial point of view, base 
load generators face the greatest risk or loss when prices and consumption fall, 
largely because they incur significant costs when a base load plant has to shut down 
and restart later. It was stated previously that two different spreads could be 
defined. Firstly, for a gas – fired plant the clean spark spread (CSS) is: 
 
                                                                 
  
  
                                                          (19) 
 
     Where    denotes electricity price (€/MWh),    the price of natural gas 
(€/MWh),    the net thermal efficiency of a gas – fired plant (i.e 49% for Germany 
according to Reuters), and      the price of a EU emission allowance (€/tCO2). Last, 
   (0,37 tCO2/MWh, Reuters) stands for the emission intensity of the plant 
(tCO2/MWh), which depends on the net thermal efficiency of each gas – fired plant.  
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Thus, the complete formula for the clean spark spread is: 
 
                                                                 
  
    
                                                 (20) 
 
Similarly, following the same methodology the clean dark spread is: 
 
                                                                   
  
  
                                                        (21) 
 
 
     Where    is the price of coal (€/MWh), and    denotes the net thermal efficiency 
(36 % for Germany according to Reuters) for a conventional coal – fired plant. Again, 
   stands for the Emissions factor (tCO2/MWh) and is equal to 0,96 tCO2/MWh. 
Applying the Reuter’s coefficients for net thermal efficiency of a conventional coal – 
fired power plant in Germany and emissions’ factor respectively we constitute the 
final CDS’s formula: 
 
                                                                  
  
    
                                                (22) 
 
 
     We can solve for    from the CSS’s equation and then substitute into CSS’s 
equation, thus linking the two spreads. This yields: 
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     Or, equivalently, 
 
 
                                           (
  
    
 
  
    
)                                   (24) 
 
 
     The first term of the equation, with regard to the right hand side, represents the 
margin derived by natural gas plants. The second one depicts the fuel price gap 
(adjusted for relatively efficiency rates). To the extent that that this gas is positive, it 
is to the advantage of coal – fired power plants and functions as a comparison factor 
between them.  The last term, though, stands for the disadvantage of coal plants 
because of their higher carbon emissions, which is further aggravated by their lower 
efficiency levels. Both spreads are equal CCS = CDS when: 
 
                                                (
  
    
 
  
    
)                                                  (25) 
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And, this happens when the advantage in fuel price is wiped out by the higher 
emission costs. For high enough allowances prices, CDS can reach a low value or 
even become negative. If we set CDS equal to zero we can find the relation between 
EUA’s prices and CDS. Thus, we have: 
 
 
                                   
  
    
 
  
    
                                            (26) 
 
 
An increase of one euro in the allowance price reduces the CDS by 0.59 €/MWh.  
 
 
 
 
6.2 Fuel Switch Behavior  
 
The electricity prices in the power sector are determined by the marginal 
generation technology. There is a ranking for different generation units called “merit 
order”, which depends on several parameters such as fuel prices, plant efficiencies 
and carbon intensity and extends from the cheapest technology to the most 
expensive one. The introduction of a carbon cost through tradable permits changes 
the carbon intensity of power generation technologies, and exacerbates the 
competitiveness of power plants. The switching point is the price of carbon that 
makes the two technologies equally attractive. It is an indicative emissions 
allowance price, which indicates the financial conditions under which it is more 
economically advantageous for an electricity producer to switch from coal to natural 
gas, or the opposite. Mathematically speaking it is the shadow price, or the balance 
point between the clean dark and spark spread respectively. It is calculated every 
day as follows: 
 
                                                                  
               
               
                                           (27) 
 
     With        the production cost of one MWh of electricity based on net CO2 
emissions of gas (expressed in €/MWh),          the production of one MWh of 
electricity based on net CO2 emissions of coal (expressed in €/MWh),          the 
emissions factor (expressed in tCO2/MWh) of a conventional coal – fired plant, and 
tCO2 the emissions factor (expressed in tCO2/MWh) of a conventional gas – fired 
plant. For the emissions factor we use the same Reuter’s emissions factors for the 
German region as in the previous section where we calculated the spreads. 
Concerning the equation, which equalizes CDS and CSS we extract the conclusion 
that as long as the emissions allowance price is below this switching price, coal 
plants are more profitable than gas plants. 
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Nowadays, regarding figure 23 which represents the switch prices after 2010 it is 
obvious that it is not economic prudent to switch between these fuels since power 
plants using NG as a feedstock are threatened with close down as they are not able 
anymore to produce profits. This indicator was used during the past when NG price 
was very attractive and the emission allowances were expected to soar.  
 
 
 
        Fig. 23: Switch price between Hard Coal and NG  
 
 
First of all an eye catching feature regarding Figure 23 is the upward trend that the 
switch price trajectory between Coal and NG follow during the recent years. We 
easily observe that this attribute is escalating progressively meaning that it 
deteriorates the condition of switching from Coal to NG as it not economically 
beneficial. According to the estimations for the switch price between the underlying 
commodities presented on the specific graph there is no reason to take the decision 
to replace coal with NG since the gap between them tends to become higher year by 
year. It is also important to note that the main drivers which affect significantly the 
switch price settlement are the environmental regulations and of course the relative 
costs of the two fuels. Moreover, the global coal demand has pushed coal prices 
down. On the other hand NG prices have been historically more expensive than coal. 
This means that the displacement of coal – fired generation by NG – fired power 
plants will not be a feasible achievement since our estimations indicate that such a 
decision would not be economically efficient and profitable at the same time. As a 
result of this switch price gradual increase many European utilities were obliged to 
mothball power plants burning NG and invest in increasing the efficiency of their 
conventional thermal power generation (coal and lignite power plants).  
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6.3 Clean Spark Spread 
 
In this graph we easily notice the downward price trajectory of both spot and 
hedged CSS, as a result of the boom in renewable energy and a recession decline in 
Eurozone, which dropped down the electricity demand. Many power stations 
throughout the sector and across Europe are no longer profitable to operate. The 
operating margins of conventional fossil – fuels plants have fallen, with gas – fired 
plants suffering in particular as their feedstock is pricier that coal. Indeed some 
electricity utilities have closed down some unprofitable power – plants. 
 
 
 
Fig. 24 : Price path for both spot and hedged clean spark spread 
 
 
     It should be mentioned that due to the boom of shale gas (a modern NG extraction 
method based on horizontal drilling), European electricity producers admit that 
they are less competitive than their counterparts in the US, where the gas – fired 
power plants are profitable. Indeed, in May 2013 the central theme of a summit of 
EU heads of government in Brussels was the gap in competitiveness. The European 
Commission revealed that gas prices for industry fell by 66 per cent in US between 
2005 and 2012 whereas they rose 35 percent in Europe. 
     European Energy utility giants push for a change in Energy policy calling for a 
reduction in subsidies for renewables, saying they should be limited to 
“technologies that are not mature today – such as tidal and wave power”. This is a 
feasible idea according to Energy giants proposals and suggestions in order to 
maintain and secure the profitability of their fossil fuels power plants, as Spain has 
already cut its non – fossil fuel subsidies and other governments are thinking of 
doing the same. EON, RWE and other European utilities request from the European 
Energy Policy regulators to ease state aid rules so that governments can provide 
“capacity payments”, as a form of subsidy for gas – fired plants. If this reform will be 
proceeded and implemented in the foreseeable future, would allow power 
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companies to keep such plants as back – up for calm grey days when renewables 
cannot cover the demand.   
 
 
Table 15 : Descriptive statistics for Spot and Hedged CSS 
 Spot CSS Hedged CSS 
Mean 6.414 10.105 
Median 5.605 10.487 
Minimum -24.406 -5.138 
Maximum 61.069 29.041 
St. Deviation 9.432 7.753 
Skewness 0.438 0.283 
Kurtosis 4.916 2.549 
 
 
 
At the end of this paragraph Table 15 is presented, including the descriptive 
statistics for both Spot and hedged CSS. It was expected that spot CSS would attain 
higher standard deviation value that hedged one, since the spot market is 
traditionally more volatile. It is also obvious that spot CSS has higher Skewness and 
Kurtosis comparing to the hedged CSS because it should be traded immediately, 
something that could not happen in the case of the CSS which is constituted only 
with futures and facilitates to hedging purposes. To sum up, we observe that the 
descriptive statistics of spot CSS prices are higher that the hedged ones since the 
first one is subjected to severe fluctuations. The only exception happens for the 
mean and the median.  
 
 
 
 
6.4 Clean Dark Spread 
 
In one of the most perverse outcomes of the Energiewende, is that Germany’s CO2 
emissions actually rose last year. This is attributed to the shale gas boom in the US 
prompted many local power generators to switch from coal to gas as a feedstock, 
leading to a huge influx of cheap American coal into Europe. As a result, coal plants 
have become more economic efficient and affordable to operate, producing higher 
profits since some of them were modernized or renovated by increasing their 
efficiency.  
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Fig. 25: Spot Dark Spread and Clean Dark Spread 
 
 
Comparing DS (dark Spread) with CDS (Clean dark spread) as depicted in figure 25, 
CDS tend to consolidate and this trend is attributed to the falling emissions prices. 
Since EUSP contract linked to Phase II wouldn’t be valid after 2013 and due to 
economic recession and sluggish demand, which hit the Eurozone, prices drop down 
dramatically. The gap between CSS and pure dark spread seems to become 
narrower after 2012.  
 
 
                                 Table 16: Descriptive Statistics of Spot and Hedged CDS 
 Spot CDS Hedged CDS 
Mean 15.892 20.745 
Median 14.530 21.920 
Minimum -4.368 11.949 
Maximum 90.998 30.195 
St. Deviation 9.376 3.497 
Skewness 1.917 -0.675 
Kurtosis 8.976 -0.053 
 
 
Additionally, we present the descriptive statistics of spot and hedged CDS in Table 
16. A significant observation is that hedged CDS is significantly less volatile that the 
corresponding spot spread in terms of standard deviation. Moreover, another 
noteworthy statistical feature is the negative Skewness and Kurtosis of the hedged 
CDS. The general view is the significant deference between spot and hedged 
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descriptive statistics values which is interpreted that the hedged version of CDS 
offers great stability. 
 
 
 
Fig. 26:  Spot and Hedged CDS 
 
 
To continue with, figure 26 comprises a visual confirmation of what we have already 
discussed in the framework of discussing the descriptive statistics of both spot and 
hedged CDS. The plot with the red color is a graphical representation of the hedged 
CDS’s price trajectory which approximates a flat line. This means that hedged CDS 
undergoes insignificant price fluctuation and appear to be tolerant to spot market’s 
volatility. On the flip the spot CDS is subjected to acute volatility as we can easily 
view on Figure 26. It should be also mentioned that for the constitution of the spot 
CDS we used spot peak load electricity data which was found to be the most volatile 
energy commodity.   
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6.5 CSS and CDS Comparison and Simulation 
 
Palzer, Westner and Madlener (2012) assessed and evaluated the future price 
developments of the spreads by executing a Monte Carlo simulation based on 
100.000 randomly selected prices, which move within the bounds of the analyzed 
distributions. The final output is given in the form of a histogram and it is spotted 
the worst-case scenario in the form of a value at risk analysis, which constitutes the 
principal criteria for hedging performance evaluation. In order to better understand 
the significance of hedging we executed a value at risk assessment for each year. The 
results were summarized in the following table (Table 17). We performed this risk 
measurement technique for both spot and hedged CSS (historical VaR) and 
attempted to simulate them by using the well-known Monte Carlo.  
     From Table 17 we extract the conclusion that hedging with futures became 
essential and economic viable after 2012 regarding the results from the historical 
VaR for each year separately. In contrast, it is obvious that our simulations deviate 
significantly from the historical VaR and tend to underestimate the calculated VaR 
for each time period. The general view is that the economic conditions among the 
power plants which use NG as feedstock tend to deteriorate year by year because 
both historical and simulated VaR slides down. For instance, the historical VaR in 
2010 was 4.2217, for the next year 0.9288 and after 2012 it became negative which 
means that the profitability of NG – fired power plants is under threat. The same 
behavior is also captured by the simulated output. Except from spot CSS, the same 
problem is identified also in the hedged version of the underlying spread as the 
value at risk gradually decreases and finally becomes negative in 2013. The fact that 
even the VaR of hedged CSS take negative value brings to the forefront the dramatic 
situation that NG – fired power plants face and is particularly acute in Germany. The 
reforms which have taken place in the German energy market led to a flood of 
subsidized electricity produced by wind and solar. The result of this change in 
market policy was to erode the profitability of gas – fired power plants in particular 
as RES drive down wholesale electricity prices during times of peak demand.   
 
 
 
        Table 17: VaR at 95% for CSS per year 
Variable 2010 2011 2012 2013 
CSS 4.2217 0.9288 -10.7083 -16.7551 
Hedged CSS 13.407 7.9507 1.9011 -5.0433 
Sim CSS 2.7865 1.4356 -18.0723 -19.7623 
Sim hedged CSS 11.1572 5.1785 4.8352 -14.1312 
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Fig. 27: VaR comparison for spot and hedged CSS as a measurement of hedging 
effectiveness 
 
 
Figure 27, illustrates the distributions of spot CSS and hedged CSS based on a Monte 
Carlo simulation between the boundaries of our time series. According to our results 
we came to the conclusion that it is more beneficial and financially speaking prudent 
to hedge the power plant output and the burned fuels. Value at risk indicates us that 
the most risky scenario occurs when we do not take and implement any risk 
management measures. On the other hand if we proceed with a risk mitigating 
strategy, it is possible to minimize our losses in comparison with no hedging. This 
also means, that it is extremely important, especially nowadays that electricity 
market undergoes the worse ever economic times, to construct an optimum hedging 
so as to eliminate as much as possible the risk factor. The VaR95% for the spot CSS is 
at -13.15 €/MWh considering the high volatility created by the spot market. In  
graph b it is shown that the spreads constituted by commodities traded in the future 
markets, are less risky compared to spot market trading ones because we obtain 
significant reductions of the VaR95% at the range of -2,71 €/MWh. This improvement 
entails a certain economic benefit obtained by deploying a hedging strategy against 
the extreme volatility derived by the spot market.  
 
 
               Table 18: VaR at 95% for CDS per year 
Variable 2010 2011 2012 2013 
CDS 5.1330 2.2723 7.0215 7.1239 
Hedged CDS 12.7441 14.1871 21.4335 17.6341 
Sim CDS 4.5267 1.6302 5.8198 5.3656 
Sim hedged CDS 13.8512 11.1269 15.6592 15.9698 
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Fig. 28: VaR comparison for spot and hedged CSS as a measurement of hedging 
effectiveness. Graph (a) depicts the simulated CDS distribution while graph (b) the hedged 
one. 
 
 
The same situation occurs also for the Clean Dark Spread. Concerning the results 
from the Monte Carlo Simulation, by applying a hedging strategy it is possible to 
obtain significant economic gains. The VaR95% for the hedged clean dark spread 
equal to 8,24 €/MWh is significantly and certainly better comparing to those 
calculated for the spot market, -3,34 €/MWh. If we hedge in advance it is possible to 
be subjected in lower risk dangers according to the results extracted by the 
simulated value at risk method. VaR is regarded in our case the major determinant 
used to compare spot against hedged clean spark spread and indicates that is crucial 
to avoid a fully dependence on the spot market trading.  
     Like CSS we calculate both the historical and simulated VaR for CDS for each year 
and the results of these calculations are presented in Table 18. First of all, in 
comparison with the CSS we observe only positive values which mean that coal – 
fired power plants still manage to consolidate their profitability. It is also 
noteworthy that the simulated VaR doesn’t deviate so much from the historical one 
and appears to follow the trend at a satisfactory level. 
 
 
6.6 Apply Mean Reversion Model to Spot CSS 
 
In this part of the study we will examine the future performance and the future price 
paths of the spot CSS and if the mean reversion model can predict with accuracy the 
future price paths. It should me mentioned again that one prevalent stylized 
characteristic of the energy markets is that prices of the underlying commodities are 
subjected to strong mean reversion. The main problem we are called to solve at this 
stage is which input data could be used in order to have a forecast output, 
representing the real price patterns as much precisely as possible.  
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          Fig. 29: CSS prices between years 2010 and 2013.  
 
 
Figure 29, introduce us to a graphical representation of the CSS’s price trajectory 
between years 2010 and the first quarter of 2013. From the beginning of 2012 we 
notice a different price movement, an economic situation in the time series, 
nominated as structure brake. The challenge is which data sample to use in order to 
produce a precise model output to the real CSS prices. Until 2012 gas fired power 
plants were profitable during peak load time zone but then they undergo extremely 
severe and adverse economic situation because the spreads are fluctuating between 
the base line of x axis.  For this reason, it would be totally unrealistic to use the 
whole time series in order to predict future price trajectories or to obtain a general 
idea about the foreseeable market condition. Eventually, we decided to use all 
available most recent data from the beginning of the current year. Another challenge 
that we were called to confront is the presence of a large amount of negative CSS in 
our data given that only a limited number of econometric models can use them and 
the literature does not cover them extensively. 
 
 
                        Table 19: This table displays the inputs for the mean reversion used.  
 LS ML OU 
Mean. Rev 0.4278 0.4278 0.4278 
Mean level -0.4799 -0.4799 -0.4799 
Volatility 8.3610 8.5408 8.5408 
 
 
Then we proceed with running a Monte Carlo simulation in order to produce 80 
different forecasting price paths (based on 1000 trials for each one) of the clean 
spark spread as traded in the spot market. Afterwards we visualize the first two 
simulated CSS price paths for the next thirty days so as to obtain an assessment 
about how the market will perform in the near future. We used the most recent 
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observations (three months) of our time series in our attempt to forecast the price 
trajectory that CSS will follow during the near future. Moreover, we do not omit to 
compare the simulated prices with the real ones as depicted on the graph in a way 
to evaluate the forecasting ability of our model, as well as its affinity to capture the 
market’s anticipated behavior.  
     Furthermore, in Table 19 are cited the fundamental inputs for the mean reversion 
model. There are two methods to estimate them, ordinary least square and 
maximum likelihood. Additionally, it is provided the results of the O - U model. In 
this study we will use as an input to our model the results calculated by the 
maximum likelihood which is also suggested by the reviewed literature. 
 
 
 
 
 
            Fig. 30: Historical and simulated CSS price paths. 
 
 
 
In figure 30 are represented the historical prices which were used as an input in 
order to generate 80 different price paths for the spot CSS. It is also attempted a 
graphical comparison between the simulated price movements and the real prices 
for the specific time period of the next thirty days. From the 80 different price paths 
we graph only the (first) two as depicted in the above figure. From the graphical 
representation we come up with the conclusion that our model can give us a signal 
of the future market performance since both real and simulated price paths move in 
tandem by following approximately the same pattern. Moreover, in order to 
quantify the effectiveness of the model we estimated the average correlation 
between the 80 different price paths and the real prices. We found that the average 
correlation between them is equal to 0.2759 which is capable of giving a general 
sense of the market for the following month. It should be also mentioned that as we 
can see on the graph we referred to, our model tends to overestimate the CSS and 
appear to be inappropriate for identifying the spikes especially for the extremely 
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negative prices. On the other hand, this may have to do with the input selection 
since we observed and we should take into account the presence of a structural 
break. All in all included, the model manage to give a signal and a prediction of the 
CSS’s price movements (the direction) but fails to approximate them at a 
satisfactory level because the estimated correlation relationship between the real 
and simulated price paths is extremely low.  
 
 
 
Fig. 31: Value at risk calculation based on the O-U model simulation output of the.  
 
 
 
In order to complete the examination of CSS’s forecast we proceed with a VaR 
estimation so as to quantify the risk of the simulation based on 80 different price 
paths for the next 30 days. According to our results presented in figure 31, we figure 
out that CSS is exposed to extremely high risk since the VaR is augmented in 
contrast to the historical one for year 2013 (Table 17). This means that it constitutes 
a bad decision to continue the operation of a gas – fired power plant given the 
increased risk factor. In this case the optimum solution is to proceed with gradually 
mothballing some assets or expedite a disinvestment plan in order to get rid of 
unprofitable power plants. 
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 6.7 Apply Mean Reversion Model to Spot CDS 
 
 
In this paragraph we model the CDS for the next 30 days and we do not omit to 
graphically compare the simulation output with the real prices as well as quantify it 
so as to assess the capability of the used model to make short term predictions. The 
methodology and the time range of used data is exactly the same with the previous 
paragraph. Moreover, in figure 32 we can see the real prices (blue line), the real CDS 
prices (red line) and finally the dashed lines denote the (first) two simulated price 
paths. Moreover, Table 19 offers all the necessary estimated inputs for the O – U 
model and as it was previously mentioned we use the maximum likelihood method.   
    In the case of the simulated CDS we see that fails to move in tandem with the real 
prices. This is also plausible given the low average (of the 80 different price paths) 
correlation between simulated and real prices which is only equal to 0, 1208. Only 
path 2 seems to capture the direction of the real prices but on the other hand it 
tends to overestimate it. In addition, path 2 also underprices it, and at the same time 
it fails to predict the direction. The general view is that the specific model is 
inappropriate to provide reliable short term forecasts for the CDS prices and meet 
with accuracy the price levels. It should also be pointed out that CDS undergoes 
positive mean reversion while the same factor in the case of CSS is negative. 
 
 
 
Fig. 32: Historical and simulated CSS price paths. 
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                       Table 19: This table displays the inputs for the mean reversion used. 
 LS ML OU 
Mean. Rev 24.6495 24.6495 24.6376 
Mean level 0.3803 0.3803 0.3803 
Volatility 8.2352 8.0618 8.0521 
 
 
 
Closing the section of modeling the spreads with the O – U model we should 
consider the risk factor which is underlain in the forecasts. For this reason, we 
gather all simulated CDS price paths and execute a value at risk in order to quantify 
the risk and assess the future profitability of coal – fired power plants. We see in 
Figure 33 that the value at risk was increased in comparison with the calculated one 
for year 2013 (Table 18). Coal – fired power plants are expected to perform better 
that NG – fired which suffer tremendous losses. 
 
 
 
 
          Fig. 33: Value at risk calculation based on the O - U model simulation output.   
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Chapter 7 
Drivers Affecting the Spreads 
 
 
7.1 Higher Penetration of RES 
 
The main drivers and factors for the existence of unprofitable fossil fuel power 
plants is the strong growth of RES, as renewable energy is prioritized by law in the 
German grid. This means that gas and coal are sometimes required only at peak load 
periods. We should focus on the spectacular increase of solar capacity in 2012 as 
solar power plants reached a share of 5% of the total electricity production during 
the underlying year. 
 
Fig. 34: Annual solar and wind production for years 2011 and 2012 
 
 
In this graph (Figure 34) is summarized the net electricity production in Germany 
for the previous years. Lignite holds the lion’s share as well as the lower marginal 
production cost, followed by coal, nuclear gas and RES. In the other graph we verify 
again the problematic situation that NG power plants face. The decrease in nuclear 
production is attributed to the gradual nuclear phase – out government’s program. 
The augmented solar production is due to the increased PV installation as we 
discussed before while the weather conditions affected the contribution to the grid 
from the side of run of river and wind.  
     European Union and especially Germany is a member state, which established at 
the forefront of the deployment of renewable energy technologies in the power 
sector.  This shift from conservative to cleaner energy production is subsidized by 
strong governments programs and incentives, primarily for solar and wind. 
According to IAE Energy Outlook for year 2012 Renewables will produce 670 GW by 
74 
 
2035 inside EU region. Wind power will continue to be the dominant source of clean 
energy generation providing 60% of the increase from renewables and more than 
the total net incremental generation to 2035.  
 
 
 
                  Fig. 35: Fuel mixed used for electricity production (in Germany) in 2012. 
 
 
     IAE quotes that in 2011 and 2012, power generation in the European Union 
shifted away from gas and towards coal, as a result of higher gas prices and low 
carbon prices in the EU Emissions Trading System (EU ETS). In Germany gas – fired 
generation fell by 17.8%, while coal – fired generation boosted by 9.8%, despite the 
recession and sluggish economic growth, which hit Eurozone and affected the 
overall electricity demand. Furthermore, this trend is expected to continue even if 
emission allowances increase during the third phase of EU ETS (covering the period 
2013 – 2020). 
 
       Fig. 36: Change in electricity production’s fuel mix between years 2012 and 2011. 
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However, in Germany in the long term, the coal – fired generation according to IEA’s 
analysts is projected to drop dramatically, down to just 9% of generation in 2035. 
This is attributed to greater penetration of renewables and higher hard coal prices 
while gas – fired generation is anticipated to regain market share in the longer term. 
In 2011 Germany imported 189 Mt of coal, which is equivalent to 2.4% of global 
hard coal trading. 
     The German government tries to fulfill its energy plan to reduce country’s 
dependence on fossil fuels. According to these proposals the German energy 
authorities are committed to gradually close all nuclear power stations by 2022. At 
the same time it is envisaged the generation of at least 35 percent of the overall 
electricity from renewable sources by 2020.  
 
 
                     Table 20: E.ON’s RES generation capacity (MW) 
Source 2012 % 2011 % 
Hydro 4,622 50 4,397 52 
Onshore wind 4,043 44 3,444 41 
Offshore wind 451 5 451 5 
Biomass 
Small hydro 
Solar PV/CSP 
Total 
43 
25 
57 
9,241 
<0.1 
<0.1 
1 
100 
43 
25 
53 
8,413 
1 
<0.1 
1 
100 
 
 
     One bright spot of Table 20 is that the German Energy company E.ON, increased 
the investments in the direction of clean electricity production. Specifically, it is 
observed a considerable capacity increase in installation of wind farms and solar 
panels. This fact depicts the reflexes of the energy company to invest heavily in 
renewables as gas – fired power plants are barely profitable to operate and 
exacerbate its financial condition. E.ON’s generation capacity from renewable 
energy sources increased by 16% during 2012 while at the same time the company 
established a disinvestment plant in order to get rid of unprofitable electricity 
generation assets. This fact reveals E.ON’s attempt to offset its domestic problems 
related with electricity generation using fossil fuels by expanding to the emerging 
markets such as Brazil and Turkey where demand is rising. At the same time 
concerning the figures cited in table 20 that present the total annual RES capacity, it 
is obvious that the company invests heavily in renewables so as to face the domestic 
uncertain economic environment due to change in market conditions.     
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7.2 Negative electricity prices 
 
Since September 1st 2008, the German Power Exchange EEX was the first energy 
exchange in Europe, which allowed the presence of negative bidding prices 
(Genoese, 2010). The special characteristics of energy commodities, most notably, 
like limited storage capacities; limited load change flexibility and combined 
production of heat and power constitute some of the negative price repercussions. 
From an economic perspective the presence of negative prices could be rational 
meaning that sometimes is more economic efficient to accept negative prices rather 
than paying additional costs to shut down or rump down a power plant. Negative 
prices also occur, if market actors are obliged to fulfill other contracts. For instance, 
a heat delivery contract of combined – heat and power (CHP), and therefore the 
power plant has to operate despite the fact it is making loses.  
     The growth of electricity production of electricity production from renewable 
energy sources, enforced by the German Renewable Energy Act (Erneuerbare –
Energien - Gesetz, EEG). According to information provided by German Minister of 
Economy and Technology, electricity consumption generated by wind turbines was 
45.9 TWh in 2012 (48.9 TWh in 2011), which equals 8.2% of the gross electricity 
generation. From 1995 to 2009 the renewable capacity has grown by an average 
rate of 10.95% per year according to the statistics published by the German Federal 
Ministry for the Environment, Nature Conservation and Nuclear Safety (BMU). The 
evolution of wind based electricity production in Germany has been mainly driven 
by a guaranteed feed – in tariff due to the Electricity Feed –In Act 
(Stromeinspeisugsgesetz – StrEG) which has been started since 1990. The aim of 
feed – in tariffs (FITs) has been to offer a monetary intensive so as to attract a lot of 
investors to embrace this endeavor by allocating some funds to wind infrastructure. 
The producers of green energy are assigned a fixed tariff per unit of electricity 
produced as compensation for deeding their electricity production into the grid for 
a certain period of time, usually twenty years. Final customers are burdened with an 
extra payment, which supports the existence of green electricity. In 2008, the 
subsidy of renewable energy sources implied an extra cost of about € 4.5 billion to 
final customers. The EEG levy had a negative impact on large industrials costumers, 
since the electricity costs were increased significantly affecting directly their 
competitiveness capability. The German Government, trying to mitigate the 
problem, introduced a cap on the levy (hardship clause) on their bills and applying 
the full levy only for the first 10% of their total electricity consumption. 
     Under the latest German legislation for the renewable energy sources, their 
power output is prioritized into the grid, by obliging the TSO’s to buy it at a certain 
price and sell it directly on the exchange. According to this market structure, TSO’s 
are not able to avoid potential order imbalances, which substantially increase the 
possibility of negative prices. In this case, grid operator may bid a negative price in 
order to achieve market clearing (Fanone, 2011). At the same time, EEG increased 
the influx of electricity produced by wind turbines which means that negative spikes 
are more likely to be observed.  
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However, we should not only blame EEG for the existence of negative prices, as 
there are other factors, which also contribute to generate them. In a general 
approach, negative spikes occur at times when very low demand meets high supply. 
Consequently, in addition to EEG, such spikes can also be generated by exceptional 
slumps in demand (Fanone, 2011). For instance a sudden or not forecasted drop in 
industrial activities could exacerbate the problem, as the grid will be oversupplied. 
Additionally, some others crucial factors are the sudden interruptions, limited 
transmission capacities and basically the power plants as lignite and nuclear base 
load plants, which are characterized by high start – up costs and limited flexibility to 
follow the demand needs.   
     Genoese (2010) proceeded with a statistical analysis of this phenomenon, by 
studying the relationship between negative electricity prices observed in the EEX 
day – ahead spot market for the years 2008 and 2009 and the contingent factors 
(system load, wind generation, net export, residual load) that create them. Despite 
the fact that the empirical correlation between negative market prices and 
contingent factors is relatively week (Genoese, 2010), show that either low system 
load combined with moderate wind generation or a moderate system load 
combined with high wind generation are sufficient for the occurrence of negative 
prices. Therefore, negative prices should not be deemed as a residual phenomenon, 
but instead it is related to the current German electricity market structure, as EEX 
has introduced a lower price limit of – 3000 €/MWh for the German TSO zones.  
 
 
 
 
Fig. 37: Hourly distribution of negative prices occurred from the beginning of 2010 until the 
first quarter of 2013.  
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     Moreover, according to Keles (2012) negative prices and negative spikes are not 
even disappearing. In a time series comprising of EEX spot electricity prices 
extended from 1st 2008 to November 2010 there are 86 observations with negative 
prices. Mostly, negative prices occurred during the night and morning hours (23:00 
to 08:00) and the distribution of negative prices over the week displays a maximum 
(including public holidays) with the remaining hours being concentrated on 
Mondays. In general, he found that the distribution of negative prices is accumulated 
during weekends and timely, between 20:00 and 08:00 which constitutes the off – 
peak time zone. In our case, we used the same data series, but ranging from 1st 2010 
to March 2013 and we observed a change in the negative prices trend, which 
contradicts with Keles findings, as depicted in figure 38. 
 
 
 
Fig. 38: Hourly distribution of negative prices occurred from the beginning of 2010 until the 
first quarter of 2013.  
 
 
 
From the above graph it is obvious that negative prices are more normally 
distributed during the day by being divided into three consecutive blocks with the 
last one to contain the highest frequency of negative hourly prices, at the end of the 
peak load period.   
 
 
 
 
 
 
 
0
1
2
3
4
5
6
7
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
fr
e
q
u
e
n
cy
 
hour 
79 
 
7.3 Energy Companies and stock market 
 
The stock’s performance is regarded as vital factor and indicator in the direction of 
assessing the sustainability and profitability of a company. An eye catching feature 
of Figure 39 is that times are hard for the European utilities sector as the stocks of 
E.ON and RWE appear to deliver a poor performance on the stock market. RWE 
stock price dropped down to 30€ inside 2013 while it was priced at 60€ in 2010 
recording a loss of 50%. Likewise, E.ON’s stock price slid down to 12€ recording 
losses at a range of 44%. Therefore, the share prices of RWE and its domestic rival 
E.ON dropped to their lowest in a decade. It should also be mentioned that both 
companies attempted to implement turnaround strategies by investing in the 
emerging markets (E.ON) or increasing the efficiency of the coal – fired power 
plants (RWE).  Except from the bad performance in the stock market the specific 
companies are found to have high net dept according to their balance sheet 
publications. In addition to the sluggish demand and low power prices due to the 
economic crisis that Eurozone faces some other factors also deteriorated the stock 
prices. Firstly, the rising share of renewables which was discussed before and the 
decision of German government to eliminate the nuclear power in the wake of the 
nuclear disaster in Fukushima. Both companies as it is depicted on figure 39 which 
displays the stock price’s patterns were badly affected by the German government’s 
decision to speed up the country’s nuclear phase out. The combination of 
prioritizing, subsiding electricity produced by renewables and shutting down 
progressively the nuclear power plants significantly undermined the business 
model of the big German power utilities.  
 
 
 
 
      Fig. 39: Performance of RWE AG and E.ON SE stock price at Frankfurt’s stock exchange.  
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As a result of these reforms and restructure of the energy market the shares of the 
German giants remain at low levels. To make matters worse, in June (2013) the 
credit rating agency Moody’s, downgraded the long – term rating on RWE from A3 
to Baa1 due to deterioration in earnings prospects. Electricity Utilities should 
change their business model in order to be in accordance with the increased 
regulation which imposes them to invest in a cleaner “fleet” of assets based on low – 
carbon generation. Under these conditions, the energy mix is changing progressively 
and if power companies want to consolidate their market share as well as their 
profitability, then they have to adjust to them as soon as possible. This is supposed 
to help them prolong their sustainability by reinforcing their balance shits and 
consequently boost stock prices.   
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Conclusions  
 
At the end, we attempt to recap the fundamental conclusions that we came up with 
through the accomplishment of this study. First of all, we verified and quantified the 
necessity for hedging in energy markets especially nowadays that energy companies 
experience the biggest economic problems in their history. NG – fired power plants 
are suffering from severe losses since wholesale peak load electricity prices have 
plummeted as renewable electricity generation has surged. The historical spot and 
hedged VaR of CSS as well as the short term forecast provided by O – U model reveal 
that the profitability of NG – fired power plants is declining. Moreover, electricity 
futures fail to produce a remarkable hedging effectiveness so as to mitigate the risk 
derived from the acute volatility in the spot market. The gradual high penetration of 
RES in the German electricity grid according to government’s energy plans is 
notified as a principal factor which reflects the impact in eroding the profitability of 
the gas – fired power plants.   
      On the other hand, coal – fired power plants manage to consolidate their 
profitability since CDS remain positive despite the depressing wholesale peak load 
electricity prices. Moreover, the price collapse of emissions allowances which were 
inaugurated in order to meet carbon reduction increased the profitability of the 
underlying power plant. It was also found that coal futures provide better hedging 
results comparing to the corresponding NG futures contracts and the forecast based 
on O – U model is very promising about the future. One more factor that should be 
taken into account is that coal is subjected to currency risk since it is priced in 
dollars and is widely imported in Europe.  
     The decision to diversify through combing multiple futures contracts or spot 
commodities prices in order to improve the risk by constructing a portfolio turn out 
to generate negative returns. We developed the efficient frontiers of every energy 
commodity and estimated the portfolio weight at each standard deviation point. 
Electricity and coal experience negative returns meaning that such a portfolio is not 
economic efficient and consequently we rejected them. Only NG bear a viable 
portfolio but the returns are so low that averted us from taking the decision to 
invest in it.  
     Finally, it should not be omitted to be mentioned some proposals and ideas 
(which were arisen during my occupation with this study) for future search in order 
to take further this study. It would be significant to investigate and understand what 
differentiates futures and spot prices volatility behavior in electricity markets. 
Moreover, it would be extremely crucial to study meticulous the negative CSS with 
clear focus on implementing new models which provide more accurate forecasting 
results. Additionally, it would be interesting to execute the same hedging strategy 
(described in this study) but instead of daily hedging it could be used weekly or 
monthly and then perform some comparisons in terms of hedging effectiveness.  
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APPENDIX 
 
 
Table 1: Descriptive Statistics for spot and futures peak load electricity prices 
Variable Mean Median Maximum Minimum St. 
dev. 
Skewness Kurtosis 
Spot 56.758 56.280 129.940 31.140 9.759 1.398 9.978 
Month 58.100 58.760 79.120 38.580 8.368 -0.066 2.556 
Quarter 60.500 61.185 82.680 42.770 9.584 0.187 2.438 
Year 63.595 63.700 74.400 48.800 5.962 -0.268 2.542 
 
 
 
 
 
Table 2 : Descriptive Statistics for spot and futures NG prices 
Variable Mean Median Maximum Minimum St. dev. Skewness Kurtosis 
Spot 22.1129 23 40.5 10.4 4.1131 -0.6018 3.6541 
Month 22.1774 23.3 28.68 11.34 4.1229 -0.9952 3.2329 
Quarter 22.8482 23.96 29.07 11.3 4.4445 -1.1072 3.3792 
Year 24.4015 26.1 28.26 15.03 3.5779 -1.0017 2.7584 
 
 
 
 
 
Table 3: Descriptive statistics for spot and futures coal prices 
Variable Mean Median Maximum Minimum St. dev. Skewness Kurtosis 
Spot 10.01788 10.45665 14.25167 7.604146 1.726784 0.255272 1.862181 
Quarter 11.12871 10.58369 14.51553 7.687756 1.654202 0.263572 1.950387 
Year 11.75163 11.15702 14.62628 9.281771 1.362969 0.440173 1.855988 
 
  
 
 
                      Table 4: E.ON’s Generation output from RES (GWh) 
Source 2012 % 2011 % 
Hydro 14,420 55 13,769 58 
Onshore wind 9,639 37 8,241 34 
Offshore wind 1,569 6 1,582 7 
Biomass 
Small hydro 
Solar PV/CSP 
Total 
350 
53 
87 
26,118 
1 
<0.1 
<0.1 
100 
241 
71 
23 
23,927 
1 
>0.1 
>0.1 
100 
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Fig. 1: Histograms of peak load electricity, spot and futures returns.  
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Fig. 2 : Histograms of NG spot and futures returns. 
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Fig. 3: Histogram of hard coal’s spot and futures returns. 
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Fig. 4: Base load spot and futures electricity prices 
 
 
 
 
 
                  Fig. 5: Installed solar and wind power for the years 2011 and 2012. 
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                     Fig. 6: Fuel mix used for electricity production in 2012 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
